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Series Preface 



The world consists of many complex systems, ranging from our own bodies to 
ecosystems to economic systems. Despite their diversity, complex systems have 
many structural and functional features in common that can be effectively simu- 
lated using powerful, user-friendly software. As a result, virtually anyone can ex- 
plore the nature of complex systems and their dynamical behavior under a range 
of assumptions and conditions. This ability to model dynamic systems is already 
having a powerful influence on teaching and studying complexity. 

The books in this series will promote this revolution in “systems thinking” by 
integrating computational skills of numeracy and techniques of dynamic model- 
ing into a variety of disciplines. The unifying theme across the series will be the 
power and simplicity of the model-building process, and all books are designed to 
engage the reader in developing their own models for exploration of the dynam- 
ics of systems that are of interest to them. 

Modeling Dynamic Systems does not endorse any particular modeling paradigm 
or software. Rather, the volumes in the series will emphasize simplicity of learn- 
ing, expressive power, and the speed of execution as priorities that will facilitate 
deeper system understanding. 



Matthias Ruth and Bruce Hannon 




Preface 



Modeling is a simplification, an abstraction of reality. It is an analytical tool 
that we all willingly or unwillingly employ in our everyday life when we build 
mental, graphical, textual, or other models of reality. With the advent of com- 
puters, we learned to use them to further our ability to model the world around 
us, and the more sophisticated and powerful the computers become and the 
more elaborate the software we develop, the more complexity we can afford in 
our models. 

It is only during the last decade that spatial dynamic modeling became possible 
for analysis of large-scale real-life ecosystems. The need to model ecosystem dy- 
namics spatially is becoming even more obvious with the widespread use of spa- 
tial databases, called Geographic Information Systems. Many, if not most, man- 
agement decisions concerning the environment affect and are affected by the 
landscape and by how it evolves in space and in time. This book puts you at the 
cutting edge of the science of spatial dynamic simulation modeling. The Spatial 
Modeling Environment (SME) is an open-source software package that we use in 
conjunction with other software to create, run, analyze, and present spatial mod- 
els of ecosystems, watersheds, populations, and landscapes. We will walk you 
through the whole process of spatial modeling, starting with the conceptual de- 
sign, then the formal implementation and analysis, and, finally, interpretation and 
presentation of the results. Numerous applications and case studies will help 
identify the possible ambiguities and problems that a modeler should be aware of 
and try to avoid. 

The book will be useful for students and researchers interested in modeling, es- 
pecially in spatial modeling; it will provide ideas and software tools to translate 
their local understanding of systems dynamics over space. It will be useful for 
managers and decision makers who want to know what is possible and what is not 
possible today in spatial modeling and how to treat the uncertainties and insuffi- 
ciencies in our predictions of spatial dynamics. 

Part I describes the theory and methods of spatially explicit modeling. We in- 
troduce the Spatial Modeling Environment and demonstrate how it can be used to 
build simple models. We also offer a collection of some basic modules that can be 
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used off the shelf to build some models of landscapes. We then explore the issues 
of model calibration and analysis. 

Part II is about real applications of the modeling framework that answer some 
pressing environmental and socio-economic problems. What are the impacts of di- 
verse climates and management plans for Barataria and Terrebonne basins in the 
Mississippi Delta? What can be the effects of sea-level rise? What are the patterns 
of the dynamic spread of fox rabies across the state of Illinois and what can be the 
possible disease control strategies? How do growing nutrient loading and land use 
change affect the water quality in the Patuxent River and the Chesapeake Bay? 
What can be the best restoration and mitigation practices? What are the probabili- 
ties of extinction of the vireo and warbler populations, two endangered passerines 
at Fort Hood, an Army training installation in central Texas? How do we allocate 
crops on a watershed to maximize the agricultural profits, yet minimize the dam- 
age to the water quality in the receiving waterways? To what extent has the com- 
bination of altered hydrology and water quality degraded the vegetative habitats 
and other ecological characteristics of the Everglades? What needs to be done to 
“restore” the Everglades? What is the future of the once abundant eelgrass mead- 
ows in the Great Bay Estuary in New Hampshire? What are the impacts of military 
training across time and space in the Mojave Desert on a federally threatened pop- 
ulation of the desert tortoise ( Gopherus agassizii) and its habitat? 

These issues reveal the scope of problems and geographic areas that we cover 
in these chapters. A CD-ROM is provided with the book. Here, we offer all of the 
software that is required to install the SME on your computer (SME currently 
runs under UNIX, Linux, and Windows; it can be installed under Darwin in Mac 
OS-X). The Java-based interface is platform independent. In addition, we have 
assembled the Web pages for most of the chapters that give a detailed description 
of the corresponding projects and offer all of the color graphics, animations, and 
data to explore and better visualize the possible applications of models for 
decision-making and management. 



Robert Costanza 
Alexey Voinov 
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Introduction: Spatially Explicit 
Landscape Simulation Models 

Robert Costanza and Alexey Voinov 



1.1 Why Do We Need Spatially Explicit Landscape 
Simulation Models? 

Many, if not most, management decisions concerning the environment affect and 
are affected by the landscape. City and county planning authorities make deci- 
sions about land use and infrastructure that directly affect the landscape. Farmers 
make decisions about what to grow and how to grow it that affect and are affected 
by the landscape. Individual homeowners and businesses make decisions about 
their own behavior that affects and is affected by the landscape. Therefore, un- 
derstanding and modeling the spatial patterns of landscape processes and changes 
over time at several different scales is critical to effective environmental manage- 
ment. In recognition of this, the U.S. Environmental Protection Agency (EPA) 
has moved away from their traditional “media-based” approach to environmental 
management and toward a more “place-based” approach. To operationalize this 
approach, we need to develop a deeper understanding of the complex spatial and 
temporal linkages between and among ecological and economic systems on the 
landscape and to use that understanding to develop effective and adaptive poli- 
cies. This will require new methods that are comprehensive, adaptive, integrative, 
multiscale, and pluralistic, and which acknowledge the huge uncertainties in- 
volved. Landscape modeling studies at local, regional, and global scales integrate 
natural and social sciences and develop a common framework for understanding 
linked ecological economic systems. 



1.2 Basic Concepts of Spatially Explicit Landscape 
Simulation Models 

Among landscape models there is a large variation in complexity and capabilities. 
Often, it is this variation that makes one model more suitable for certain applica- 
tions than others. Landscape models are, by definition, spatially explicit. They 
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can range across several other spectra of characteristics, including empirical to 
process-based, static to dynamic, simple to complex, and low to high spatial and 
temporal resolution. 

As a rule of thumb, more complex, higher-resolution models will resolve issues 
in more detail, but are more difficult and time-consuming to calibrate and run, and 
beyond a certain point, they may, in fact, provide decreasing predictability 
(Costanza and Maxwell, 1994). The spatially explicit landscape simulation models 
(SELSMs) we discuss in this book are, in general, process-based, medium to high 
spatial and temporal resolution, relatively complex, dynamic, nonlinear simula- 
tions of the landscape. They deal with a range of ecological and socio-economic 
variables, including carbon, water, nitrogen, phosphorus, plants, consumers (in- 
cluding humans), and a range of ecosystem services under various climate, eco- 
nomic, and policy scenarios. They can exhibit “catastrophic,” irreversible changes 
of system structure and function at specific sites (Costanza et al., 1990; Voinov et 
al., 1999) and can, therefore, be used to test hypotheses about system sustainabil- 
ity across a range of scales. 

The general structure of these models is illustrated in Figure 1.1. The landscape 
at any point in time is described using a raster (cell based) representation. In each 
“cell,” a dynamic simulation model describes local dynamics. The cells can then 
be connected by horizontal fluxes of material and information. The models are 
also often “multiscale” in both space and time. Each cell in the landscape has its 
own internal dynamics at one spatial scale, whereas the landscape as a whole has 
its dynamics at the next larger spatial scale. Within the cell, individual modules 
can represent a third scale. There are also both the short-time-scale dynamics of 
material and energy cycling in the system, combined with the longer-time-scale 
dynamics of land use change. Figure 1.2 describes the overall relationships be- 
tween these multiscale dynamics and their relationship to policy decisions and 
outside forcing functions. 



1 .3 Horizontal Fluxes 

Some landscape models include horizontal fluxes and exchange across cells, 
whereas others do not. One common horizontal flux for the ecological component 
of the models is water, controlled by a hydrological model. In addition to water, 
other possible horizontal fluxes include movement of air, animals, energy (such 
as fire, water waves, and fuels), and economic goods and services. The least com- 
plex interaction between horizontal and vertical fluxes is unidirectional, where 
horizontal fluxes provide the conditions for calculating vertical fluxes. A more 
complex approach would include bidirectional exchanges of information between 
the horizontal and vertical fluxes. 

An example of a landscape model that does not include horizontal fluxes be- 
tween cells uses the TEM unit model (Vorosmarty et al., 1989), and a water trans- 
port model based on residence time to remove excess water from each cell. Creed 
et al. (1996) created a landscape model with unidirectional information exchange 
by applying RHESSys (Band et al., 1991) for hydrologic exchanges and BIOME- 
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Figure 1.1. The landscape at any point in time is described using a raster (cell-based) rep- 
resentation. In each “cell” (raster or polygon), a dynamic simulation model describes local 
dynamics. The cells can then be connected by horizontal fluxes of material and information. 



BGC for vertical fluxes. Multidirectional exchanges are used in Patuxent Land- 
scape Model (PLM) and CENTURY to move water and materials between land- 
scape cells (Parton et al. 1994; Voinov et al. 1999). 

Computational capabilities, research objectives, and data availability deter- 
mine the optimum complexity and modes of information exchange between hori- 
zontal and vertical fluxes. In general, simulations with large spatial and temporal 
extents (e.g., global scenarios run at monthly or yearly time steps with a total time 
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Rest 

of 
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Figure 1.2. The overall relationships between multiscale dynamics and their relationship to 
policy decisions and outside forcing functions. 



frame of centuries) perform best at lower complexities and with no horizontal 
fluxes. Simulations at smaller time steps and higher spatial resolution (e.g., re- 
gional models at daily or hourly time steps run for decades) often allow a more 
complex structure and multidirectional exchange potential. 

The General Ecosystem Model (GEM), (Fitz et al., 1996), for example, aims 
for an intermediate level of complexity so that the model is flexible enough to be 
applied to a range of ecosystems. Although we take into account most important 
ecological processes, there is still a good deal of empiricism in the way these 
processes are formalized. Any process-based model represents a balance between 
the process-based paradigm and empirical relationships in the description of indi- 
vidual processes (Voinov et al., 1998). This limits the generality of the model, po- 
tentially requiring additional testing and calibration when switching to other 
scales or areas. However, it allows us to keep the whole model within reasonable 
limits of complexity. In addition, by developing the modular structure in LHEM 
(see Chapter 3), we streamline the model and reduce the full complexity by ap- 
plying only those modules that are relevant to the simulation objectives. 
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1 .4 Scaling 

Ecological and economic systems are complex, adaptive systems (Gell-Mann, 
1995). They are characterized by nonlinearities, autocatalysis, complex, time- 
delayed feedback loops, emergent phenomena, and chaotic behavior (Kauffman, 
1993; Patten and Jorgensen, 1995). This means that the whole is significantly dif- 
ferent from the simple sum of the parts. This, in turn, makes scaling (the transfer 
of understanding across spatial, temporal, and complexity scales) not only a diffi- 
cult problem but also probably the core problem in understanding complex sys- 
tems (Ehleringer and Field, 1993; O'Neill et al., 1989). 

The term “scale” in this context refers to both the resolution (spatial grain size, 
time step, or degree of complexity of the model) and extent (in time, space, and 
number of components modeled) of the analysis. The process of “scaling” refers to 
the application of information or models developed at one scale to problems at 
other scales. The scale dependence of predictions is increasingly being recognized 
in a broad range of ecological studies, including landscape ecology (Meentemeyer, 
1989), physiological ecology (Jarvis and McNaughton, 1986), population interac- 
tions (Addicott et al., 1987), paleoecology (Delcourt et al., 1983), freshwater ecol- 
ogy (Carpenter and Kitchell, 1993), estuarine ecology (Livingston, 1987), meteo- 
rology and climatology (Steyn et al., 1981) and global change (Rosswall et al., 
1988). However, “scaling rules” applicable to complex systems have not yet been 
adequately developed, and limits to extrapolation have been difficult to identify 
(Turner et al., 1989). In many of these disciplines, primary information and mea- 
surements are generally collected at relatively small scales (i.e., small plots in 
ecology, individuals or single firms in economics) and that information is then 
often used to build models and make inferences at radically different scales (i.e., 
regional, national, or global). The process of scaling is directly tied to the problem 
of aggregation, which is far from a trivial problem in complex, nonlinear, discon- 
tinuous systems (like ecological and economic systems). 



1 .5 Aggregation 

Aggregation error is inevitable as attempts are made to represent n-dimensional 
systems with less than n state variables, much like the statistical difficulties associ- 
ated with sampling a variable population (Bartel et al., 1988; Gardner et al., 1982; 
Ijiri, 1971). Cale et al. (1983) argued that in the absence of linearity and constant 
proportionality between variables — both of which are rare in ecological and eco- 
nomic systems — aggregation error is inevitable. Rastetter et al. (1992) give a de- 
tailed example of scaling a relationship for individual-leaf photosynthesis as a func- 
tion of radiation and leaf efficiency to estimate the productivity of the entire forest 
canopy. Because of nonlinear variability in the way individual leaves process light 
energy, one cannot simply use the fine-scale relationship between photosynthesis 
and radiation and efficiency along with the mean values for the entire forest to rep- 
resent total forest productivity without introducing significant aggregation error. 
Therefore, strategies to better understand aggregation error are necessary. 
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Rastetter et al. (1992) described and compared four basic methods for scaling 
that are applicable to complex systems: 

1 . Partial transformations of the fine-scale relationships to coarse scale using a 
statistical expectations operator 

2. Moment expansions as an approximation to method 1 

3. Partitioning or subdividing the system into smaller, more homogeneous parts 
(see Section 1.7) 

4. Calibration of the fine-scale relationships to coarse-scale data 

They go on to suggest a combination of these four methods as the most effec- 
tive overall method of scaling in complex systems (Rastetter et al., 1992). 



1 .6 Hierarchy 

Hierarchy theory provides an essential conceptual base for building coherent 
models of complex systems at multiple scales (Allen and Starr, 1982; Gibson et 
al., 2000; O’Neill et al., 1986; Salthe, 1985). Hierarchy is an organizational prin- 
ciple which yields models of nature that are partitioned into nested levels that 
share similar time and space scales. In a constitutive hierarchy, an entity at any 
level is part of an entity at a higher level and contains entities at a lower level. In 
an exclusive hierarchy, there is no containment relation between entities, and lev- 
els are distinguished by other criteria (e.g., trophic levels). Entities are to a certain 
extent insulated from entities at other levels in the sense that, as a rule, they do not 
directly interact; rather, they provide mutual constraints. For example, individual 
organisms see the ecosystem they inhabit as a slowly changing set of external 
(environmental) constraints and the complex dynamics of component cells as a 
set of internal (behavioral) constraints. 

From the scaling perspective, hierarchy theory is a tool for partitioning complex 
systems in order to minimize aggregation error (Hirata and Ulanowicz, 1985; 
Thiel, 1967). The most important aspect of hierarchy theory is that ecological sys- 
tems’ behavior is limited by both the potential behavior of its components (biotic 
potential) and environmental constraints imposed by higher levels (O’Neill et al., 
1989). A flock of birds that can fly only as fast as its slowest member or a forested 
landscape that cannot fix atmospheric nitrogen if specific bacteria are not present 
are examples of biotic potential limitation. Animal populations limited by avail- 
able food supply and plant communities limited by nutrient remineralization are 
examples of limits imposed by environmental constraints. O’Neill et al. (1989) use 
hierarchy theory to define a “constraint envelope’’ based on the physical, chemical, 
and biological conditions within which a system must operate. They argue that hi- 
erarchy theory and the resulting “constraint envelope’’ enhance predictive power. 
Although they may not be able to predict exactly what place the system occupies 
within the constraint envelope, they can state with confidence that a system will be 
operating within its constraint envelope. 

Viewing landscapes through the lens of hierarchy theory should serve to illu- 
minate the general principles of life systems that occur at each level of the hierar- 




1. Introduction: Spatially Explicit Landscape Simulation Models 9 



chy. Although every level will necessarily have unique characteristics, it is possi- 
ble to define forms and processes that are isomorphic across levels (as are many 
laws of nature). Troncale (1985) has explored some of these isomorphisms in the 
context of general system theory. In the context of scaling theory, we can seek 
isomorphisms that assist in the vertical integration of scales. These questions feed 
into the larger question of scaling, and how to further develop the four basic 
methods of scaling mentioned in Section 1.4 for application to complex systems. 



1 .7 Fractals and Chaos 

One well-known isomorphism is the “self-similarity” between scales exhibited 
by fractal structures (Mandelbrot, 1977, West et al., 1997), which may provide 
another approach to the problem of scaling. This self-similarity implies a regular 
and predictable relationship between the scale of measurement (here meaning the 
resolution of measurement) and the measured phenomenon. For example, the reg- 
ular relationship between the measured length of a coastline and the resolution at 
which it is measured is a fundamental, empirically observable one. It can be sum- 
marized in the following equation: 

L = ks ( '-°\ (1) 

where L is the length of the coastline or other “fractal” boundary, s is the size of 
the fundamental unit of measure or the resolution of the measurement, k is a scal- 
ing constant, and D is the fractal dimension. 

Primary questions concern the range of applicability of fractals and chaotic sys- 
tems dynamics to the practical problems of modeling ecological economic sys- 
tems. The influence of scale, resolution, and hierarchy on the mix of behaviors one 
observes in systems has not been fully investigated, and this remains a key ques- 
tion for developing coherent models of complex ecological economic systems. 



1.8 Resolution and Predictability 

The significant effects of nonlinearities raise some interesting questions about the 
influence of resolution (including spatial, temporal, and component) on the per- 
formance of models and, in particular, their predictability. Costanza and Maxwell 
(1994) analyzed the relationship between resolution and predictability and found 
that although increasing resolution provides more descriptive information about 
the patterns in data, it also increases the difficulty of accurately modeling those 
patterns. There may be limits to the predictability of natural phenomenon at par- 
ticular resolutions, and “fractallike” rules that determine how both “data” and 
“model” predictability change with resolution. 

Some limited testing of these ideas was done by resampling land use map 
datasets at several different spatial resolutions and measuring predictability at 
each. Colwell (1974) used categorical data to define predictability as the reduc- 
tion in uncertainty (scaled on a 0-1 range) about one variable given knowledge of 
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others. One can define spatial autopredictability (P ) as the reduction in uncer- 
tainty about the state of a pixel in a scene, given knowledge of the state of adja- 
cent pixels in that scene, and spatial cross-predictability (P ) as the reduction in 
uncertainty about the state of a pixel in a scene, given knowledge of the state of 
corresponding pixels in other scenes. P is a measure of the internal pattern in the 
data, whereas P , is a measure of the ability of some other (i.e., modeled) pattern 
to represent that pattern. 

A strong linear relationship was found between the log of P and the log of res- 
olution (measured as the number of pixels per square kilometer). This fractallike 
characteristic of “self-similarity” with decreasing resolution implies that pre- 
dictability, like the length of a coastline, may be best described using a unitless 
dimension that summarizes how it changes with resolution. One can define a 
“fractal predictability dimension” (DP) in a manner analogous to the normal frac- 
tal dimension (Mandelbrot, 1977, 1983). The resulting DP allows convenient 
scaling of predictability measurements taken at one resolution to others. 

Cross-predictability ( P ) can be used for pattern matching and testing the fit be- 
tween scenes. In this sense, it relates to the predictability of models versus the in- 
ternal predictability in the data revealed by P . Whereas P generally increases 
with increasing resolution (because more information is being included), P gen- 
erally falls or remains stable (because it is easier to model aggregate results than 
fine-grain ones). Thus, we can define an optimal resolution for a particular mod- 
eling problem that balances the benefit in terms of increasing data predictability 
(P ) as one increases resolution, with the cost of decreasing model predictability 
(P ). Figure 1.1 shows this relationship in generalized form. 

A basic question is whether these results hold for complete landscape models 
(like the PLM; see Chapter 8) and whether they are generalizable to all forms of 
resolution (spatial, temporal, and complexity). 



1 .9 Complexity 

Complex systems also exhibit complex webs of causality, making traditional hy- 
pothesis testing problematic. For example, if A causes B which then causes A, ex- 
periments to test if A causes B will often be confounded. In addition, we clearly 
cannot perform direct controlled experiments on large ecosystems and human 
systems at the landscape scale. 

One solution (the one we pursue in this book) is to build complex, dynamic 
models of the systems under study that can incorporate the fundamental charac- 
teristics of complexity mentioned above. These models themselves then represent 
“complex hypotheses” more in keeping with the complex nature of the systems 
under study. Testing these complex hypotheses is not a simple Popperian falsifi- 
cation exercise, however. Complex models fit reality to some degree, which is 
usually not zero, but is never perfect. We can never say that a complex model is 
“false” as we can with some simple hypotheses. We can only estimate the degree 
to which a particular model fits a particular reality — the better the fit, the better 
the model. Thus “complex hypotheses testing” implies devising ways to quantify 
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the degree of fit of complex models to a complex reality. New methods to test and 
optimize the fit of complex models under the heading of the Model Performance 
Index (MPI) are described in Chapter 4. 



1.10 Overview of the Book 

We start with several chapters that describe the essential tools and steps that are 
required to build a simulation model of a spatially explicit system using the land- 
scape modeling approach. 

In Chapter 2, Maxwell et al. describe the Spatial Modeling Environment 
(SME), the software package that can be used to put together the local descrip- 
tions of processes and models into a spatial framework. This is a fairly technical 
chapter that also walks the reader through an example of a simple spatial model 
and explains the whole process in much detail. The development of SME went 
through a whole series of versions, starting from the early implementations on 
Macintosh computers to the latest more sophisticated SME3 that runs in a variety 
of operating systems (UNIX, Linux, Windows) and includes a Java-based user in- 
terface. The overall concept remained the same: The SME provides the function- 
ality to translate the models formulated in user-friendly modeling packages, such 
as STELLA, into a compilable programming language (C, C+ +) and to link the 
local descriptions with spatial data and algorithms. A Modeling Collaboratory 
is described (i.e., a collection of hardware and software tools that can be used 
for the exploration of collaborative modeling techniques and the development 
of process-based spatial models, as well as for transparent access to high- 
performance computing facilities. This infrastructure is expected to open the sim- 
ulation arena to a much wider set of participants and facilitate the application of 
computer modeling to the study and management of natural systems. 

In Chapter 3 Voinov with coauthors describes how the unit model, the spatially 
uniform building block of a spatial model, can be constructed. Fitz et al. (1996) 
have previously developed the General Ecosystem Model (GEM). Here, this ap- 
proach is further extended and generalized. An even more flexible modular struc- 
ture is created that can be modified and adapted to suit the requirements of partic- 
ular case studies and applications with minimal redundancy. The modular 
approach takes advantage of the Spatial Modeling Environment (described in 
Chapter 2) that allows integration of several unit models (which can be created in 
user-friendly modeling environments such as STELLA) with C + + user code. 
The modules are archived into a Library of Hydro-Ecological Modules (LHEM), 
which is available over the Web and includes modules that simulate hydrologic 
processes, nutrient cycling, vegetation growth, decomposition, and so forth both 
locally and spatially. Using the LHEM, the Patuxent Landscape Model (PLM) 
(see Chapter 8) was built to simulate fundamental ecological processes in the wa- 
tershed scale driven by temporal (nutrient loadings, climatic conditions) and spa- 
tial (land use patterns) forcings. Local ecosystem dynamics are replicated across 
a grid of cells that compose the rasterized landscape. Different habitats and land 
use types translate into different modules and parameter sets. Spatial hydrologic 
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modules link the cells together. They are also part of the LHEM and define hori- 
zontal fluxes of material and information. 

In Chapter 4, Villa et al. discuss the calibration problem. Solving the problem 
of calibrating large, spatially explicit ecological models to known data and hy- 
potheses is a challenge to the computing power of the fastest workstations and to 
the sophistication of the best optimization algorithms. The authors present a 
method that considers the problems of calibrating unit models to data at different 
sites using different formulations of the Model Performance Index (MPI) in a 
multistage procedure, to identify regions of increasing feasibility in the parameter 
space. The method uses an evolutionary algorithm to optimize the MPI. The re- 
sult of the process is a hierarchically inclusive set of regions in the multidimen- 
sional parameter space where the model's behavior satisfies increasingly strin- 
gent calibration constraints. 

Moving from calibration of spatially uniform unit models to calibration of spa- 
tial models is yet another challenge. The MPI and other optimization techniques 
become inapplicable because of the enormous computer effort that would be re- 
quired to run such optimizations over all of the cells in a spatially explicit model. 
Most of the calibration efforts in the spatial implementations are therefore still 
based on the trial-and-error approach, in which the skills and experience of the 
modeler becomes an intrinsic part of the calibration effort. By applying these 
skills and the “educated-guess” approach, we can considerably limit the parame- 
ter space and the number of model runs that would be required to fit the model to 
the available data. However, this fit is unlikely to be the best one; it will be just an 
approximation that can always use additional refinement. 

Part II of the book is a collection of several diverse case studies, in which spa- 
tially explicit dynamic models have been created to resolve some very important 
ecological and management problems. All of the models employ the SME 
approach. 

Chapter 5 examines habitat shifts in the Mississippi and Atchafalaya deltas in 
coastal Louisiana. Using spatial models, Reyes et al. examine land loss and yearly 
shifts of marsh habitats. The landscape model also served as a tool to analyze a se- 
ries of weather scenarios under diverse sea-level rise rates. The landscape model 
integrated several individual modules at different scales. The physical module 
consists of a vertically integrated hydrodynamic model that moves and disperses 
salt and sediment. This was coupled with a process-based biological model of 
aboveground and belowground productivity and soil building. The coupling of 
spatial and temporal scales was a salient issue due to the size of the model. Resul- 
tant land elevation and habitat characteristics were updated annually and fed back 
into the hydrodynamic model. Simulations of land loss/creation and spatial vari- 
ability of marsh types were validated against historical habitat maps. Future effects 
of weather and eustatic sea-level rise were evaluated for a 30-year projection start- 
ing in 1988. Results suggested that weather variability had the greatest impacts. 
The model strength lies in predicting the effects of regional management plans 
such as water diversions and structural-landscape-level changes. 

In Chapter 6, Fitz et al. apply a similar approach to another predominantly wet- 
land area — the Everglades in Florida. Water management infrastructure and oper- 
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ations has fragmented the greater Everglades into separate, impounded basins, al- 
tering flows and hydropatterns in these internationally recognized wetlands. This 
combination of altered hydrology and water quality has interacted to degrade 
vegetative habitats and other ecological characteristics of the Everglades. As part 
of a massive plan to “restore” the Everglades, simulation models are being ap- 
plied to better understand the system’s hydrologic and ecological dynamics, to 
help evaluate options for restoration. One such tool is the Everglades Landscape 
Model (ELM), a process-based, spatially explicit simulation of ecosystem dy- 
namics across this heterogeneous 10,000-km 2 region. 

The ELM model does an excellent job of reproducing the historical spatio- 
temporal dynamics of hydrology, surface-water and groundwater phosphorus, pe- 
riphyton biomass and community type, macrophyte biomass and habitat type, and 
peat accumulation. Phosphorus loading throughout the Everglades system was 
then evaluated under two base scenarios. The 1995 base case assumed current 
management operations, with phosphorus inflow concentrations fixed at their 
long-term, historical average. The 2050 base case assumed future modifications 
in water management, with all managed inflows to the Everglades having reduced 
phosphorus concentrations (due to filtering by constructed wetlands). The ELM 
fills a critical information need in Everglades management and has become an ac- 
cepted tool in evaluating scenarios of potential restoration of the natural system. 

Chapter 7 is an application of the SME approach to an aquatic system by Behm 
et al. They investigate the role that estuarine processes play in altering the spatial 
distribution and abundance of eelgrass (Zostera marina L.) in the Great Bay Es- 
tuary, New Hampshire, USA. A unit model was developed to simulate interac- 
tions of eelgrass with environmental variables and other organisms. These vari- 
ables include epiphytic algae, phytoplankton, macroalgae, detritus, consumers, 
and nutrients. A spatial simulation model was then used to simulate the annual as 
well as the spatial production of eelgrass habitats. A hydrology model developed 
by the University of New Hampshire Ocean Engineering Center was linked to the 
spatial model to drive the transfer of materials from adjacent cells. Using data ob- 
tained for river inputs of nutrients, the authors were able to simulate the seasonal 
and spatial variation in eelgrass production. Model results showed that both light 
attenuation and nutrient supply have a significant impact on eelgrass distribution. 
The spatial model was manipulated to test the effects of nutrient loading on inter- 
actions of eelgrass with other variables. 

From wetlands and aquatic systems we then move to mostly terrestrial land- 
scapes. In Chapter 8, Voinov et al. describe the Patuxent Landscape Model 
(PLM), which was designed to simulate fundamental ecological processes on the 
watershed scale. It has also been linked to an economic model that generated pos- 
sible scenarios of land use change. The PLM was assembled based on modules 
from LHEM. Different habitats and land use types translate into different param- 
eter sets. The model describes the 2352 km 2 of the Patuxent River watershed in 
Maryland and integrates data and knowledge over several spatial, temporal, and 
complexity scales, and it serves as an aid to regional management. In particular, 
the model addresses the effects of both the magnitude and spatial patterns of 
human settlements and agricultural practices on hydrology, plant productivity. 
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and nutrient cycling in the landscape. The spatial resolution is variable, with a 
maximum of 30 m X 30 m tested on several subwatersheds. The finer resolution 
allows adequate depiction of the pattern of ecosystems and human settlement on 
the landscape. The temporal resolution is different for various components of the 
model, ranging from hourly time steps in the hydrologic sector to yearly time 
steps in the economic land use transition module. 

A modular, multiscale approach was used to calibrate and test the model. Model 
results show good agreement with data for several components of the model at 
several scales. A range of scenarios with the calibrated model shows the implica- 
tions of past and alternative future land use patterns and policies. The 18 scenarios 
analyzed include (1) historical land use in 1650, 1850, 1950, 1972, 1990, and 
1997, (2) a “buildout” scenario based on fully developing all the land currently 
zoned for development, (3) four future development patterns based on an empiri- 
cal economic land use conversion model, (4) agricultural “best management prac- 
tices” that lower fertilizer application, (5) four “replacement” scenarios of land use 
change to analyze the relative contributions of agriculture and urban land uses, and 
(6) two “clustering” scenarios with significantly more and less clustered residen- 
tial development than the current pattern. Results indicate the complex nature of 
the landscape response and the need for spatially explicit modeling. 

In Chapters 9 and 10, SME was closely integrated with Geographic Resources 
Analysis Support Systems (GRASS) — another open source, public-domain soft- 
ware package. GRASS is a geographic information system that provides a wealth 
of functionality for instantaneous spatial data analysis and processing. SME adds 
dynamics to the model. The marriage of the two software systems offers much 
power and promise for complex spatial modeling. 

In Chapter 9, Trame-Shapiro et al. use the SME modeling approach to describe 
the population dynamics of two endangered bird species: the vireo and the war- 
bler. The studies are performed at Fort Hood, an Army training installation in 
central Texas. The Fort Hood Avian Simulation Model (FHASM) is a dynamic, 
spatially explicit model of ecosystem processes and population dynamics. The 
model simulates changes in vegetation and avian populations across the installa- 
tion (~ 88,000 ha) over 100-year intervals (although shorter or longer runs are 
easily accommodated). The user designates management policies for each simu- 
lation run. 

The Fort Hood Avian Simulation Model (FHASM) was used to generate prob- 
abilities of extinction for Fort Hood populations of the vireo and warbler under 
various scenarios, in a procedure known as population viability analysis (PVA). 
To do so, portions of FHASM were eliminated, and the resulting, simplified 
model became FHASM-V. Two applications are described here. First, FHASM-V 
was compared to a 1996 model designed for use in population viability analyses 
workshops of the vireo and warbler. Demographic variables of the two models 
were matched as much as possible. Second, a comparison was made among pro- 
jected long-term probability of survival of the two species under three different 
habitat protection policies, using FHASM-V alone. Results furnished additional 
information for endangered species policy on Fort Hood while providing an in- 
teresting comparison to calculations using the 1996 model. 
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Chapter 10, by Aycrigg et al., is about spatial landscape simulations used to ac- 
cess impacts on another endangered species, the desert tortoises ( Gopherus agcis- 
sizii ) in the Mojave Desert, California. This model was also developed at the U.S. 
Army Construction Engineering Research Laboratories (USACERL), Champaign, 
Illinois, to assess the impacts of military training across time and space. The desert 
tortoise was designated as federally threatened in the Mojave Desert in 1990. Its 
patchy distribution over very large areas makes population-density estimates diffi- 
cult to obtain. It is a long-lived animal that does not reproduce until about 15 years 
old, making it highly susceptible to perturbations in the environment. 

The spatially dynamic habitat model and the desert tortoise model were devel- 
oped to evaluate the potential response of tortoise density and habitat suitability 
to changes in the intensity, location, and timing of military training. The model 
includes mathematical, logical, and stochastic processes. The initial conditions 
are seeded by the use of a snapshot of the system at some real or artificial start 
time. Various types of input data are used to seed the model including raster im- 
ages, vector data, point information, and object status and location. Differences 
between the output and the seed values reveal the simulated changes within the 
landscape associated with various land management schemes. 

In Chapter 1 1, Deal et al. develop a spatially explicit model to examine the dy- 
namic spread of fox rabies across the state of Illinois and to evaluate possible 
disease-control strategies. The ultimate concern is that the disease will spread 
from foxes to humans through the pet population. Variables considered, including 
population densities, fox biology, home ranges, dispersal rates, contact rates, and 
incubation periods, can greatly affect the spread of disease. The spatial modeling 
technique used was a grid-based approach that combines the relevant geographic 
condition of the Illinois landscape (typically described in a georeferenced data- 
base system) with a nonlinear dynamic model of the phenomena of interest in 
each cell, interactively connected to the other appropriate cells (usually adjacent 
ones). 

The resulting spatial model graphically links data obtained from previous mod- 
els (fox biology, rabies information, and landscape parameters) using various hi- 
erarchical scales. It makes it possible to follow the emergent patterns and facili- 
tates experimental data collection techniques. Results of the model indicate that 
the disease would likely spread among the native healthy fox population from 
east to west and would occur in epidemiological waves radiating from the point 
of introduction, becoming endemic across the state in about 15 years. It was also 
found that although current hunting pressures can potentially wipe out the fox in 
the state, some level of hunting pressure can be effectively utilized to help control 
the disease. 

Finally, in Chapter 12, Seppelt and Voinov explore how optimization can be 
performed using spatial models. In the other chapters, models were mostly used 
to run scenarios (i.e., the user first identifies a set of forcing functions or initial 
conditions) that are then translated into system behavior by applying the models. 
Optimization procedures allow one to formulate certain goals that we wish the 
system to achieve and then use the model to translate those goals into control 
variables and parameters that let us reach those goals. For a mainly agricultural 
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region studied in this chapter, the goal, or the performance criterion, was formu- 
lated as a combination of economic and ecological factors, which combine eco- 
nomic aspects, such as farmer’s income from harvest, with ecologic aspects, such 
as nutrient flow from the watershed into the estuary. The task was to find opti- 
mum land use patterns and rates of fertilizer application to maximize the perfor- 
mance criterion. 

Optimization in spatial modeling is usually prohibitive because of the high 
computational complexity. The authors developed a framework of procedures for 
numerical optimization in spatially explicit dynamic ecosystem simulation mod- 
els that overcomes some of these difficulties. The results were tested using Monte 
Carlo simulation, which used stochastic generators for the independent control 
variables. Gradient-free optimization procedures (genetic algorithms) were used 
to verify the simplifying assumptions. Parts of the framework offer tools for opti- 
mization, with the computation effort independent of the size of the study area. 
As a result, important areas with high retention capabilities were identified and 
fertilizer maps were set up depending on soil properties. It was shown that opti- 
mization methods, even in complex simulation models, can be a useful tool for a 
systematic analysis of management strategies of ecosystem use. 



1.11 Prospects and Challenges for the Future 

Key areas for future development include the following: 

• Using the modeling process to build a broad consensus among stakeholders 

• Developing sufficient databases of historical landscape changes to allow better 
calibration and testing of landscape-change algorithms 

• Linking process and agent-based models from several disciplines with geo- 
graphic data at several different time and space scales 

• Better understanding the relationship between resolution and predictability in 
landscape modeling to allow a more “optimal” resolution to be chosen for spe- 
cific modeling problems 

Our experience with spatial modeling indicates that complexity is one of the 
major challenges. As spatial resolution increases, the models become more diffi- 
cult to build, require more number-crunching power from the computing plat- 
forms, and require more sophisticated datasets. They also become much more dif- 
ficult to interpret and analyze. Some standard output from a spatial model may 
look like a series of spatial coverages over, say, a 1000-km 2 area during, say, a 
1-year time period. Assuming that we are modeling some 10 variables at a daily 
time step and 1-km 2 spatial resolution, this will result in 3,650,000 numerical val- 
ues coming out of just 1 model run. It is difficult to grasp and process all of the in- 
formation generated, and there are not many methods to wrap this information in 
meaningful indicators that would still preserve the spatial and temporal informa- 
tion needed. 

In order to realize the goals of the modeling effort, it is crucial to determine the 
amount of complexity (both spatial, temporal, or structural) that is justified. The 
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GRASS r.watershed = 23 unit models 




Regular 1 km^ grid = 993 unit models 




Figure 1 .3. Raster cell-based approach versus lumped patch or polygon-based approach. 
The higher complexity of the cell-based approach adds flexibillity and versatility to the 
simulations. 



raster grid-based approach that we assume in most of models described here may 
be treated as the ultimate spatial representation for modeling. It is always impor- 
tant to decide what is the smallest spatial unit that we model as a spatially homo- 
geneous entity. Comparing the so-called lumped spatial models with the grid- 
based ones (Fig. 1.3) we can see that the number of spatial entities that are to be 
considered increases quite dramatically when we switch to uniform cells of the 
same size from larger spatial units, such as subwatersheds [in the HSPF model 
(Donigian et al., 1984)], hillslopes [TOPMODEL (Beven and Kirkby, 1979)], hy- 
drologic units [SWIM (Krysanova et al., 1999)], patches [RHESSys (Band et al., 
1991)], and so forth. As the number of spatial entities increases, so does the over- 
all complexity of the model and the amount of effort to build, maintain, and ana- 
lyze it. There should be a good reason to do that. 

In most cases, it is the flexibility of the spatial representation that justifies the 
grid-based approach. With this approach, there is no fixed geometry of spatial 
units that the model has to maintain; at any time during the simulation, one can 
modify the landscape template over which the model is built. If the pattern of land- 
use changes (as in the PLM model described in Chapter 8), a new map can be fed 
into the simulation at any time and one does not need to recalculate new model 
geometry, new hydrologic units, or new patches. For example, the ELM model of 
the Everglades (Chapter 6) can model habitat succession as a function of water 
quality, hydroperiod, and climate. The spatial pattern can actually change within 
the model. In addition, because the representation is spatially explicit, we can pin- 
point quite precisely the changes in the spatial characteristics of landscapes or 
habitats and where exactly future changes are to be expected. 

Of course, in certain cases, this degree of spatial detail may not be required and 
then a more spatially aggregated model may work just as well. However, with the 
rapid development of remote sensing techniques, there are more spatial datasets 
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becoming available at high degrees of spatial resolution. Managers and decision 
makers are keen to use these data and incorporate the newly available spatial 
knowledge in their practice. In addition, as the human impact on the environment 
becomes more severe, there is growing interest in understanding the intricate spa- 
tial patterns involved in integrated socio-economic and ecological dynamics. One 
wants to know exactly where the effects will be the most sever and precisely 
where they were caused. As a result it is likely that grid-based models that are 
closely associated with remote sensing-based raster data sets will be in increasing 
demand in the future. The challenge then is to learn how to wrap the avalanche of 
spatio-temporal output from these models into meaningful indicators that can be 
presented to stakeholders, which they can understand and use in their decision- 
making. 

It is also likely that we will see hierarchies of models that will operate over sev- 
eral spatial manifolds and will integrate information both from raster coverages 
(grid-based models) and vector coverages (patch-based models). The latest ver- 
sion of the Spatial Modeling Environment (SME) — the software framework that 
we use in the applications in this book — already provides functionality that is es- 
sential to build such multilayer models. Some processes and modules can then 
run over larger patches, especially those that are characterized by more aggre- 
gated datasets — say, the socio-economic processes mostly described for census 
blocks, counties, townships, and so forth. These modules can be dynamically 
linked to modules operating on a grid basis and depicting information that is col- 
lected in raster format — say, via remote sensing. Certain elements of this 
raster-vector interplay can already be found in models presented in this book 
(e.g., the canals in the ELM, Chapter 6). 

Overall, spatial landscape modeling (as described in the case studies in this 
book) has provided significant new insights into how landscapes function. As 
more data and computer power become available, applications of the techniques 
described here should become more common and more useful to a wide range of 
stakeholders. 
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Spatial Simulation Using the SME 

Thomas Maxwell, Alexey Voinov, and Robert Costanza 



2.1 Introduction 

This chapter describes an integrated environment for high-performance spatial 
modeling, called the Spatial Modeling Environment (SME) (Maxwell and 
Costanza, 1994, 1995, 1997b). This environment, which transparently links icon- 
based modeling environments with advanced computing resources, allows scien- 
tists to develop models in a user-friendly, graphical environment, requiring very 
little knowledge of computers or computer programming. Automatic code gener- 
ators construct spatial simulations and enable distributed processing over a net- 
work of parallel and serial computers, allowing transparent access to state-of-the- 
art computing facilities. 

The modeling environment imposes the constraints of modularity and hierar- 
chy in program design and supports archiving of reusable modules in our xml- 
based Simulation Module Markup Language (SMML) (Maxwell, 1999; 
Maxwell et al., 1997a). An associated library of “module wrappers” will facili- 
tate the incorporation of legacy simulation models into the environment. This 
paradigm encourages the development of libraries of modules representing 
model components that are globally available to model builders, enabling users 
to build on the work of others instead of starting from scratch each time a new 
model is initiated. 

The SME design has arisen from the need to support collaborative model 
building among a large, distributed network of scientists involved in creating a 
global-scale ecological/economic model. The effort to provide integrated support 
for graphical icon-based unit model development, modular model development, 
and high-performance computing and visualization has led to the formulation of a 
three-part Constructor-Modelbase-Driver architecture (Fig. 2.1). The SME ar- 
chitecture consists of four primary applications: the Module Importer, the Code 
Generator, the SME Driver, and the Java portal. The user may invoke these appli- 
cations either through a command line interface or using the SME graphical user 
interface. These components are introduced here and described in more detail in 
the following sections. 
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Figure 2.1. Overview of the Modelbase-Constructor-Driver architecture. 



Constructor: The Constructor component of the SME is used to graphically con- 
struct, calibrate, and test dynamic process-based modules. These modules de- 
fine the processes (biological, ecological, socioeconomic, etc.) occurring within 
a single cell of a spatial model. The Constructor component is represented by an 
off-the-shelf graphical modeling tool such as Stella, Extend, or PowerSim. 
Modelbase: The Module Importer translates the Constructor ecosystem compo- 
nent modules into generic module specifications defined in our xml-based 
SMML. The SMML modules can be archived in the Modelbase to be accessed 
by other researchers and/or linked to specify a unit model describing the dy- 
namics of a single cell within the spatial model. 

Code Generators: The Code Generator uses the unit model specification in 
SMML to generate the C+ + code describing a spatial model. At this stage, the 
unit-cell models are replicated to create a spatial grid covering the study area. 
This simulation code is incorporated into the SME Driver, a distributed simu- 
lation application. The user customizes the generated model by providing con- 
figuration information. 

Driver: The SME Driver is a distributed object-oriented simulation environment 
that incorporates the set of code modules that actually perform the spatial sim- 
ulation on the targeted platform. It enables distributed processing over a net- 
work of parallel and serial computers, allowing transparent access to state-of- 
the-art computing facilities. It is implemented as a set of distributed C+ + 
objects linked by message passing. 

The SME environment includes a Java interface, or “portal,” that provides the 
user with a single familiar environment in which to build, configure, interactively 
run, and visualize models on any one of a number of parallel or serial computers. 
It facilitates remote Web-based access to spatial models running on a simulation 



server. 
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2.2 Developing Models in the SME 

This section describes in greater detail the process of building spatial models 
within the SME, and it outlines the current functionality available with the SME 
environment. This functionality may be accessed either through a command line 
interface (the “SME” script) or using the workspace manager application in the 
SME Java portal. 



2.2.1 Workspace Configuration 

Every SME model exists within a workspace which has the following hierarchi- 
cal structure: 

Workspace: A workspace is a location on a local or remote computer where proj- 
ects will be kept. 

Project: A project is a directory tree that will contain all of the sources, executa- 
bles, data, and simulation output associated with a modeling project. It will 
typically contain a set of models configured to simulate various aspects of a 
single-study-area. 

Model: A process-based model is defined by a set of first-order ordinary differen- 
tial equations. The SME is specialized to Forester-style (stock-and-flow) mod- 
els. Each model may have many configurations, each defined by a scenario. 
Scenario: A scenario is a configuration of a model, defining data input and out- 
put, spatial grid, time step, and so forth. It is represented by a configuration file 
as described in Section 2.2.5. 

The workspace can be set up using either the SME script or the menus of the 
Workspace Manager. For example, the following commands set up a new project 
named myproject in the workspace /usr/local/sme/ on the local computer: 

unix-shell> SME project myproject /usr/local/sme 

If the project myproject does not exist in the specified workspace, then this com- 
mand creates the directory structure. Similar commands exist for defining the cur- 
rent model and scenario. 

The Workspace Manager, which is started by the command “startup_wsm” 
gives access to this functionally through a set of menus. 



2.2.2 Unit Model Development 

The process of developing a spatial model begins with the development of a unit 
model, which will define the aggregated (biological, ecological, socioeconomic, 
etc.) dynamics of the entities within a single cell of the spatial grid. The cell model 
is developed using a graphical modeling tool, referred to here as the “Constructor.” 
The SME currently supports two module constructors: (1) the STELLA modeling 
tool and (2) the model development panel of the SME portal. Other tools, such as 
the PowerSim application, may be added in the near future. The following subsec- 
tion describes the process of developing models using the two supported tools. 
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Developing Unit Models in STELLA 

The STELLA (HPS, 1999) application is a graphical icon-based modeling tool 
that represents the structure of a module diagramatically, so that new users can 
recognize the major interactions at a glance. Scientists with little or no program- 
ming experience can begin building and running models almost immediately. In- 
herent constraints make it much easier to generate bug-free models. Built-in tools 
for display and analysis facilitate understanding, debugging, calibration, and 
analysis of the module dynamics. The graphical representation of the model can 
serve as a blackboard for group brainstorming, allowing students, educators, pol- 
icy makers, scientists, and stakeholders to all be involved in the modeling 
process. With its relative ease of use, this graphical programming tool offers a 
powerful method for investigating the workings of complex systems (Hannon and 
Ruth, 1994). 

The STELLA tool is used to create a unit-cell model that will be translated into 
SMML by the Module importer application. Special syntax is used to define spa- 
tial dynamics and map-dependent parameters, as explained in the following sub- 
sections. 

Defining Spatial Dynamics 

The STELLA modeler can write equations that access values in neighboring cells 
(in the spatial model) via the following convention: The notation Stock@(x,y) is 
used to access the value of the variable Stock in the cell x cells to the north and y 
cells to the east of the current cell. The shorthand notation Stock@N (or @E, etc.) 
can be used to represent the value of Stock one cell to the north (or east, etc.). In 
a three-dimensional (3D) simulation, 3D coordinates can be used and the nota- 
tions @U and @D may be used to denote the cells up and down from the current 
cell. Boundary conditions can be specified using a similar notation. These con- 
ventions mean nothing in STELLA; they become activated only when the model 
is running in the SME. 

STELLA Array Support 

The STELLA tool allows users to define arrays of equations for each variable, 
allowing a variable’s dynamics to depend on an index such as habitat type. The 
SME currently supports STELLA array functionality fully in nonspatial mode. 
The use of STELLA arrays in the SME in spatial mode is limited to map- 
dependent parameters (i.e. parameters, such as porosity, which depend on a spa- 
tially varying index, such as soil_type). Thus, the array must be a parameter (i.e., 
take on a constant value for each value of the index) and the array index must be 
an input map. 



2.2.3 Importing Modules 

The STELLA equations must be imported into the SME environment to define a 
unit-cell model. The completed STELLA model (represented by a text-based ex- 
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port file) is translated into SMML by the Module importer application during the 
import process. Each sector in the STELLA model is converted into a separate 
module in the SMML. A number of STELLA models can be imported simultane- 
ously and linked into a single unit model during the import process. The gener- 
ated SMML files, which represent the equations defining the current SME model, 
are saved in the appropriate location in the Project/Model directory structure. The 
SME script can be used to import a set of modules from a STELLA equation file 
into the current model by executing “SME import.” An additional argument, 
specifying the location of the Stella equation file, is needed if this file is not in the 
default location. If multiple files are listed, all of these files will be read and 
linked as described below. Section 2.2.5 describes the import configuration op- 
tions that can be used to automate the process of adding/deleting SMML code 
to/from the SMML file (e.g., ignoring some variables or adding user-defined 
functions) each time it is generated. 

If multiple STELLA equation files are imported simultaneously, all files are 
converted to SMML and variables are linked using the following rules. If a vari- 
able is defined outside of all STELLA sectors, it is assumed to be an import vari- 
able that is (potentially) defined in another equation file. If a variable is found 
with the same name in a different equation file, then that variable is linked to the 
import variable, meaning that the import variable takes on the value of the exter- 
nal variable in the simulation. If no variable is found to link to the import vari- 
able, then the local definition of the import variable is used by default. 

2.2.4 Simulation Module Markup Language 

This section describes the SME’s module declaration formalism, called the Sim- 
ulation Modular Markup Language (SMML, 1999), which we have designed to 
support the archiving and linking of declarative module specifications. As shown 
in the simple example in Table 2.1, an SMML module declaration consists of a 
nested set of object declarations. When the SMML declaration is run through a 
code generator, each SMML object declaration is converted into a C+ + class def- 
inition which inherits from one of the SME base classes of simulation objects, 
which include Module, Variable, Action, Event, and Lrame classes. A typical 
SMML module specification contains only Module, Variable, and Action decla- 
rations, the Event and Lrame objects are generated automatically at run time (al- 
though the Event class does exist in the SMML to allow the specification of cus- 
tomized Event objects). In this section we describe these base classes of objects 
used in an SMML-generated simulation. 



Table 2.1. Configuration classes 



Class character(s) 


Object class 


Config-cmd sets 


* 


Variable 


Variable commands 


$ 


Module 


Module commands 


# 


Model 


Model commands 


~ 


External 


External commands 
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Module Class 

The Module object is the unit of encapsulation of the model dynamics [i.e., a 
model specification consists of an (arbitrary) number of module specifications.] 
Modules are designed to be self-contained archivable submodels, which may in- 
teract with other Modules through well-defined input and output ports. Module 
declarations may be nested to arbitrary depth, and Modules may inherit from 
(specialize) other Modules. 

Variable Class 

Variable objects represent the atomic components of a Module; that is, each Vari- 
able corresponds to a labeled (array of) numeric quantity(s), either calculated or 
specified as a boundary condition, called its “value” that is used to compute the 
model dynamics. Variables can be either “spatial” or “nonspatial.” The value of a 
spatial Variable is represented by an array of floating-point values, with each 
value corresponding to a spatial location (i.e., a “cell” in the Module’s spatial rep- 
resentation, as defined by its Frame). The value of a nonspatial variable consists 
of a single floating-point number for each (simulated) time step. 

Action Class 

Action objects perform the computations or data import/export operations that 
update the values of variables. Each Action object is associated with a single 
Variable object, called its target. Action objects that perform computations (aka 
“Code” objects) have an equation attribute (implemented as a function pointer), 
which is used to update the target’s value, and a list of dependent Variables (i.e., 
Variables whose values are referenced in its equation). Code objects whose target 
is nonspatial execute their equation function once each time step of the simula- 
tion, but Code objects whose target is spatial execute their equation function once 
in each cell of the module’s Frame at each time step. Data are transferred in and 
out of the model using Pipe objects. A Pipe object links a Variable object with an 
external data source/sink/display object. Pipes exist for (1) importing data from 
the Geographic Information Systems (GIS) or database, (2) archiving data to the 
GIS or database, and (3) displaying data in real time using various formats. 

Event Class 

The simulation is driven by a set of Event objects. An Event object contains a 
timestamp and a number of lists of Action objects to be executed, each separately 
sorted by dependency (when one of these lists is “executed,” its Action objects 
are executed sequentially). Event objects are posted to a global list, which is 
sorted by a time stamp. The objects in the list are executed sequentially to gener- 
ate the dynamics of the simulation. When an Event object is executed, the global 
simulation time is set equal to the event’s time stamp and then the object’s Action 
lists are executed in order. Following each Event execution, the Event object uses 
its Schedule object to repost itself to the model’s event list. 
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The Schedule object controls the scheduling of Event objects. Schedules are 
arranged in a hierarchical structure, with Events inheriting Schedules from their 
Modules, and sub-Modules inheriting Schedules from super-Modules. At any 
level of the hierarchy, a Schedule may be reconfigured, overriding aspects of its 
inherited Schedule. 

Frame Class 

Each Module object has a Frame object that is used to define the module’s spatial 
representation. In this formalism, a spatial representation consists of a set of 
“cells” (representing the units of spatial area) and links (representing spatial con- 
tiguity), which covers the active area of the simulation and may be distributed 
over a number of processors. The simulation environment provides a set of con- 
figurable Frame types, such as grids, networks, and trees. The user specifies a 
Frame type and a Frame configuration map (to be read from the GIS at run time) 
for each Module in the simulation configuration information. Every Frame object 
includes methods for distributing its grid over the set of available processors and 
interacting with and mapping data to/from other Frames. 

All Variable objects belonging to a Module inherit the Module’s Frame. The 
value of a spatial Variable is represented by an array of floating-point values, with 
each value corresponding to a “cell” in the spatial representation defined by its 
Frame. Spatial interactions are defined in this formalism using relative coordi- 
nates. Because of the complexity of spatial referencing in multiple spatial repre- 
sentations, Action objects which involve complex spatial interactions are typi- 
cally constructed at the source-code level using the modeling environment’s 
programming interface. 

2.2.5 Model Configuration 

The module importer, code generator, and simulation driver applications read 
configuration information from text hies using a simple configuration commands 
(conhg-cmd) format. Default versions of the configuration hies are generated by 
the SME and the user may edit these hies directly or use the SME Java portal’s 
menu-based interface to enter conhguration information. The conhg-cmds pro- 
vide the additional information necessary to convert a set of Stella unit modules 
into a dynamic spatial simulation. In general, only the simulation Driver conhgu- 
ration is important, but it is possible to configure the module importer and code 
generator applications if necessary. The module importer conhguration can be 
used to automate the process of adding/deleteing SMML code to/from the SMML 
hie each time it is generated (e.g., ignoring some variables or adding user-dehned 
functions). Each model can be given a default set of configurations, which are 
then extended by scenario-specihc configurations. 

A conhguration hie is structured as a set of records, usually with a single 
record on each line. Each record begins with a special character, called the “class 
character,” belonging to the set {#, $, *, -}, and continues until the next class 
character is encountered. The class character denotes the class of object that is 
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being configured. Each object class accepts it’s own unique set of configuration 
commands (config-cmds). Table 2.1 lists the current set of class characters with 
the corresponding object class and config-cmd sets. The various config-cmd sets 
are described in the SME user’s guide. 

After the class character, the next field in a record is the object name. There is 
always a single model object called “global.” Other object classes (Module, Vari- 
able, and External) may have many objects as defined in the SMML (or View) 
equation files. The class characters and object names are generated by the SME 
Code Generator and should not be edited by the user. 

Following the object name in each record is an optional space-delimited list of 
config-cmds. Some config-cmds will be generated by default by the SME. The 
user can edit the default config-cmds and/or enter new config-cmds. The config- 
cmds are in the form x (ArgList) , where x is the config-cmd name (a charac- 
ter or character string, but usually one or two characters) and ArgList is a list 
of configuration parameters (i.e., arguments), which are separated by commas 
when more than one argument is used. Spaces between arguments are ignored. 
The number and type of arguments depend on the config-cmd being entered. Ar- 
guments may be either text strings (e.g., a variable name), integers, or floating- 
point numbers. Arguments may either be required or optional. The ordering of 
config-cmds is usually irrelevant [the OS ( ) config-cmd is one exception], but the 
arguments of ArgList must be presented in the order given in the documenta- 
tion below. 

For example, a typical record in a configuration file might look like: 

* elevation_MSL_map d(G,Elevation_map, 1 .0,0.0) 

In this record, the class character “*” indicates that a variable object is being con- 
figured. The name of the variable object is “elevation_MSL_map . ” One cmd 
is used to configure this variable. The d(G, . . .) config-cmd from the variable 
c-cmd set configures map input such that the map Elevation_map is read 
from Grass (“G” argument) and used to initialize elevation_MSL_map. The 
following arguments set the elevation_MSL_map scaling parameters to 
( 1 . 0 , 0 . 0 ). 

For another example, a typical record in a module configuration file might look 
like: 

$ VEGETATION_SECTOR g(G.StudyArea) 

In this record, the class character “$” indicates that a module object is being con- 
figured. The name of the module object is “VEGETATION_SECTOR.” The g ( ) 
config-cmd from the module config-cmd set then configures the module such that 
is will be linked with a 2D grid frame, initialized with the map StudyArea 
(read from Grass). 

2.2.6 Building Models 

This subsection outlines that process of automatically generating simulation dy- 
namics from an SMML specification. As can be seen from the example in Table 
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2.1, the simplest SMML module declarations are purely declarative; that is, they 
describe only the structure and equations of a module and say nothing about 
the execution of the equations in space and time. The space/time dynamics of the 
model are generated at run time by the modeling environment based on the 
SMML specification and configuration information read at that time. In the rare 
event that users require greater control over the simulation than is supplied by the 
configuration options, then they can include (in the model specification) cus- 
tomized SMML declarations describing event scheduling and/or develop a cus- 
tomized spatial representation using the modeling environment's Application 
Programming Interface (API). 

The build process can be initiated either by executing the “SME build com- 
mand” or using the menu-driven interface of the SME portal. The build process 
involves the following stages: 

• Read and parse the SMML model specifications. 

• Read and parse the relevant configuration files. 

• Process all available information to generate the model object tree. 

• Write the C+ + representation of the model object tree. 

• Compile the C++ code, and link with the user-generated code (UserCode) 
and the SME Driver code to generate the model executable. 

The user has the option of building a serial (single processor) version or a parallel 
(multiprocessor) version which is linked with the Message Passing Interface 
(MPI) libraries. 

2.2.7 Running Models 

This subsection outlines the process of running SME simulations using the SME 
simulation driver. The SME Driver is a distributed object-oriented simulation en- 
vironment that incorporates the set of code modules that actually perform the spa- 
tial simulation on the targeted platform. It enables distributed processing over a 
network of parallel and serial computers and allows transparent access to state-of- 
the-art computing facilities using the Globus (GLOBUS, 1997) toolkit. It is im- 
plemented as a set of distributed C+ + objects linked by message passing, lay- 
ered on top of our hierarchical Grid library, and linked to the Java interfaces 
described in the next subsections. 

The SME Driver can be invoked and controlled through a command line inter- 
face or through the menu-driver interface of the SME portal. The command line 
interface, which is invoked via the “SME run” command, provides two shells for 
simulation command and control: the standard shell and the tel shell. The stan- 
dard shell, which is designed primarily for interactive use, features methods for 
browsing through the modules and variables of a paused simulation and viewing 
the data associated with each object. The tel shell, which is designed primarily for 
batch (script-driven) processing, features methods to program SME simulation 
agendas using the tel scripting language. The SME portal offers methods for sim- 
ulation configuration, control, and visualization through either graphical control 
panels or a python shell offering a rich object-oriented programming and script- 
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ing language. All of the interaction modes offer the capacity to configure any ob- 
ject in the simulation and interactively control the dynamics of the simulation as 
well as the input-output and visualization of simulation data. 

At the beginning of each simulation run, the SME reads configuration data that 
define many aspects of the simulation execution, including the structure of the 
spatial grids, input and output of data, temporal dynamics and integration meth- 
ods, and so forth. In the spatial grid configuration, each module is given a frame 
object, which defines its spatial topology. All spatial variables in that module in- 
herit the module’s frame. If variables with different frames are required to ex- 
change data, the SME transparently handles the translation of the data between 
frames. The next subsection describes these spatial representations in more detail. 

Spatial Representations in the SME 

In the SME, building a representation of a spatial region starts by breaking the re- 
gion down into a set of subregions (i.e., spatially referenced subareas). Each sub- 
area is represented by a cell object in the SME spatial representation (analogous 
to a GIS cell). Next, a set of intercellular links are defined, representing spatial 
contiguity. Typically, two cell objects are linked if they share a boundary, but 
more general linkages are possible. For example, in a Triangulated Irregular Net- 
work (TIN), each cell would have three links (in a 2D rectangular grid, each cell 
would have four links) to its nearest neighbors. In a river network, each cell might 
have only one link to its downstream cell. 

A set of cells and links, representing a spatial region at a single spatial resolu- 
tion, is referred to as a grid. The SME spatial representation can include multiple 
scales by stacking grids representing the same spatial region at different resolu- 
tions. In this grid hierarchy, each cell in a given grid is associated with a single 
(parent) cell in the grid above and a (possibly irregular) group of cells in the grid 
below (as well as the set of “neighbor” cells linked within the grid, as mentioned 
above). The SME maintains a catalog of grid “templates” that can be configured 
with GIS maps and used to build a spatial representation. Template examples in- 
clude two-dimensional grids (e.g., for landscapes), graphs and networks (e.g., for 
river, canal, or road networks), and unlinked cell sets (e.g., for running unit mod- 
els with varying sets of conditions rather than across a heterogeneous space). 

In order to support multiscale simulations, we define an “activation layer” as 
a subset of cells in the spatial representation, defining a set of active cells in the 
grid hierarchy, which may include cells from different grids. A “coverage” is de- 
fined as a mapping from cells in an activation layer to the set of floating-point 
numbers; that is, given any cell in an activation layer, the coverage object will re- 
turn a floating-point number associated with that cell. The spatial data associated 
with a spatial variable is represented as a coverage object. With this set of data 
structures, simulations involving multiple spatio-temporal scales can be executed 
transparently, because the SME knows how to transparently map data between 
coverages associated with different activation layers. 

When running a simulation in a distributed mode, the grid hierarchy is decom- 
posed over processors such that each processor owns a vertical slice of the hierar- 
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chy plus a set of “ghost” cells (i.e., duplicates of cells owned by other processors) 
around the boundary of the slice to support interprocessor communication. Each 
horizontal grid is split between processors using a “recursive /(-section algo- 
rithm,” which involves the following operations: 

• Compute an optimal decomposition of processors over two dimensions (e.g., a 
3X2 grid for 6 processors. 

• Segment the longer grid dimension by the larger processor dimension (e.g., 3) 
in such a way that each segment contains an approximately equal number of 
active cells. 

• Segment each of these sections in the shorter dimension in such a way that 
each segment contains an approximately equal number of active cells. 

The SME handles the decomposition and the ghost-cell dynamics transparently. 

Building Customized Spatial Interactions: The SME Programming Interface 

As described in Chapter 3, it is possible to program simple spatial dynamics in 
STELLA using extensions to the STELLA language. This approach quickly be- 
comes impractical for moderately complex spatial dynamics. To support the imple- 
mentation of these more complex dynamics, the SME offers a programming inter- 
face that allows users to access the internal data structures of the SME simulation 
driver and program spatial interactions in the C + + programming language. The in- 
ternal data structures of the variables in an SME simulation are accessible and mod- 
ifiable using a set of object classes defined in the interface. The SME configuration 
commands control the automatic compiling and linking of the user-defined code 
(user code) with the SME simulation driver. The configuration information declares 
which variables in the simulation will have their data grids updated by functions de- 
fined in the user code and defines what simulation variables will be passed as argu- 
ments to each function. The University of Vermont group has assembled a collec- 
tion of codes implementing various types of hydrodynamic fluxes. 

2.2.8 SME Java Portal 

The SME portal provides the user with a single familiar environment in which to 
build, configure, interactively run, and visualize models on any one of a number of 
parallel or serial computers. The portal provides Web access to remote high- 
performance simulations using the Java servlet and WebStart frameworks and the 
CoG/globus toolkit. The portal runs as a Java application on the user’s desktop com- 
puter (accessible via a Web link using Java WebStart technology), whereas the SME 
kernel runs either locally on the user’s desktop computer or remotely on a simulation 
server. A workspace manager allows users to set up customized workspaces, con- 
taining only the models and data that are relevant to their projects. From the work- 
space manager, the user can manage projects, models, and scenarios, build, config- 
ure, and ran simulations, and visualize archived simulation output. A wide range of 
simulation features can be configured from the portal’s control panels, including data 
input/output and control of simulation dynamics, algorithms, and analysis tools. 
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Choosing to ran a simulation from the workspace manager brings up the SME 
simulation driver interface. The first panel that appears in the driver interface is 
the Configuration panel, which displays the configuration information read from 
the SME configuration files and allows the user to reconfigure the model. When 
the users are ready to ran the model, they should choose the Control Panel, where 
they can set up and execute simulation runs, pipe output data to the display panel, 
browse through the Variable dependency tree, view the equation for any Vari- 
able, and bring up a snapshot of the simulation data for any Variable in the model. 
The display panel allows the users to browse through the Variables in a paused 
simulation and view each Variable’s internal data structures in a convenient for- 
mat. A palette of data viewers is provided, supporting many visualization for- 
mats, including 2D animations, 3D animations, ID time-series graphs, data and 
image spreadsheets, 3D isocontour viewers, and image browsers. 



2.3 A Sample Application 

This subsection demonstrates the use of the SME in implementing a toy model 
that has been developed for the purpose of comparing various modeling frame- 
works. The model, which is available at www.giee.uvm.edu/AV/Frameworks 
(also see the CD attached), has been developed during a workshop (participants: 
R. Argent, A. Voinov, T. Maxwell, R. Vertessy, S. Cuddy, R. Braddock, J. Rah- 
man, and S. Seaton) that was held in July 2001 at the Institute for Ecological Eco- 
nomics, University of Maryland Center for Environmental Sciences (UMCES). 
This simple demo model of a hypothetical runoff-erosion system is ideal for 
walking a potential user through the process of building a spatial simulation 
model using the SME paradigm. 

2.3.1 The System 

In this small watershed runoff model, rainfall creates erosion, and as a result, 
runoff carrying sediment is transported downhill toward the drainage point with 
the lowest elevation. At the drainage point, a dam acts as a retention pond. Water 
is released from the watershed whenever the water level is higher than the dam. 
As sediment fills the pond, the elevation at the drainage point increases and the 
height of the dam gradually decreases. The model is designed to track the runoff 
hydrograph, estimate the rate of erosion, and determine the rate of sediment 
buildup in the pond. 

Data 

The following data are available and can be downloaded from the website: 

Maps: Elevation map, soils map, link map 

Time series: Daily NetRainfall data that represent the total of rainfall and evapo- 
transpiration. 
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Model 



The water level (in millimeters) at any point in the watershed is described by the 
following equation: 



Waterlt + dt) = Water(f) + Runoff n — Runoff^ — Infiltration + NetRainfall. 

Here, NetRainfall is the total amount of water from rainfall minus the amount of 
water that is evaporated and transpired. Runoff describes the amount of water 
that is delivered to this point from upstream and Runoff is the water that leaves 
the location to travel further downstream. To describe Runoff, we assume a 
piecewise linear function: 



Runoff = < 



B ■ Water 

B-A 

Water 



0 , 

BA 

B-A’ 



if Water < A 
if A < Water < B 
if Water > B, 



where A is the low-water threshold = 2 mm and B is the high-water threshold = 
10 mm. 

The Infiltration is assumed constant, dependent on the soil type provided by the 
soil coverage: 



Soil type 


Infilitration rate (mm/day) 


Map category 


Water 


0 


1 


Sand 


too 


29 


Sandy clay 


20 


11 


Clay 


1 
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The sediment transport equation is similar to the runoff equation: 



Sediment = < 



0 , 

C • Runoff 

E-D 

C, 



if Runoff < D 

D C if D < Runoff < E 
E-D ’ 

if Runoff > E, 



where C is the maximum sediment concentration =100 g/m 3 , D is the low-water 
threshold = 2 mm/day, and E is the high-water threshold = 10 mm/day. 

The dam equation is 



Runoff = 



0 , 

Water - H, 



if Water < H 
if Water < H' 



where H is the dam height = 4000 mm. 

For Sediment Deposition, we assume that 

Deposited = K ■ Sediment, 

where K is the deposition rate = 0.2. 
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2.3.2 Model Implementation 

The first step in the implementation of this spatial model is the development of a 
unit-cell model of local interactions. The above dynamic equations have been im- 
plemented in the STELLA model shown in Figure 2.2. 

After performing preliminary analyses in STELLA to explore and evaluate the 
dynamics of the local model, the equations are saved to a text file (Fig. 2.3). The 
SME then reads and translates this model definition to a Modular Modeling Lan- 
guage (MML) module specification. 

The next stage of the demo demonstrates the embedding of the local model into the 
spatial context using the SME command line interface. Running the SME command 

SME project Erosion 

sets up the project directories, as shown in Figure 2.4. 




Figure 2.2. A STELLA model for local (vertical) interactions in the Erosion model. 
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Erosion 

□ Deposited_sed iriwit(t) = Doposited_sediment(t - dt) + (deposition - suspension) * dt 
IN IT Deposited_sediment = 500 
INFLOWS : 

deposition = K*Suspended_sediment 
OUTFLOWS: 

=5^ suspension = if Runoff < D then 0 

else if Runoff < E then C “'Runoff /(E-D) - C*D/(E-D) 
else C 

] Suspended_sediment(t) = Suspended_sediment(t - dt) + (suspension - deposition) * dt 
IN IT Suspended-sediment = 0 
INFLOWS : 

ajip suspension = if Runoff < D then 0 

else if Runoff < E then C*Runoff/(E-D) - C*D/(E-D) 
else C 
OUTFLOWS: 

t=5P deposition = K*Suspended_sediment 

I | Water(t) = Water(t - dt) + (Precipitation - Infiltration) * dt 
IN IT Water = if SoilMap=1 then 3000 else 1 
INFLOWS : 

Precipitation = Rainfall 
OUTFLOWS: 

n5i> Infiltration = if SoilMap=1 then 0 else if SoilMap=31 then min (Water/DT, 1 ) 
else ifSoilMap=11 then min (Water/DT, 20) 
else min (Water/DT, 100) 

O A = 2 

O B=10 
O C-1 
O D = 2 
O E = 20 

O ElevMap = 1 
O H = 4000 
O Hydro = 1 
O K = 0.2 
O LinkMap = 1 

O Runoff = if SoilMap = 1 then max(0, Water-H) 
else (if Water < A then 0 
else if Water < B then B*(Water-A)/(B- A) 
else Water)/DT 
O SoilMap = 31 
0 Rainfall = GRAPH(TIME) 

Figure 2.3. STELLA equations for the Erosion model that describe the local processes. 
These equations are used as the building block for the spatial simulation in the SME. 



The developer saves the STELLA equations hie as “Erosion . eqns” in the 
Models subdirectory. The input maps (available from the website referenced 
earlier) are copied into the Data/Maps directory. 

The SME command 



SME model Erosion 
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Configuration files created by SME 




Erosion 
[ej Erosion.cc 
h] Erosion.h 
J3 Erosion.o 
t- Main.cc 
Main.o 
makefile 
parser.out 
c] tcIMain.e 
_ tooLsupport 



[ i Animation 
Driver. Log. 0 
P Erosion 
, Maps 
NOut 

u i UserData 
0 WSOut 





_2 Erosion. biflows 
2^ Erosion. conf 
_ Erosion. MML.config 
23 Erosion. one. conf 
23 Erosion.one.conf.out 
Erosion. one.conf.template 

_3 ElevMap 
_ HYDRO 
@ HYDRO.BIN 
23 HydroMap 
23 LinkMap 
jE*| LinkMap.BIN 
0 SOIL BIN 
' SoilMap 



C^Data can go here^ 5 



C++ code generated 
by SME 



Figure 2.4. SME directories. 



sets the model name to “Erosion.” 

Next, the SME command 

SME import Erosion. eqns 

imports the STELLA equation file. Here Erosion, eqns is the name of the 
STELLA equations file. Executing the import command generates representa- 
tions of the STELLA equations in two model specification languages: a Modular 
Modeling Language specification, which is stored in the file Models /Ero- 
sion . MML, and a Simulation Module Markup Language (SMML) specification, 
which is stored in the file Models/Erosion/Erosion_module . xml . 
At the same time, a default configuration file Erosion . MML . config is created 
in the Config subdirectory. This and other configuration files are used to link the 
STELLA-based model of local processes with the spatial data and functions that 
are used in the spatial implementation of the model. 

Describing the spatial transport in the Erosion model requires the movement of 
Water and Suspended Sediment across cells. The developer can either utilize the 
existing hydrodynamic routines available in the Library of Hydro-Ecological 
Modules (LHEM) or develop their own routines to describe the hydrologic 
processes using the SME programming interface. Since preexisting routines can 
be found in LHEM that are suitable for the Erosion model, the required C+ + rou- 
tines are downloaded and stored in the UserCode directory in the SME project. 

In order to link this code to the rest of the model, we enter the following con- 
figuration command into the Erosion . MML . config file: 
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* WATER UF (SWaterl , END A SWTransportl , HYDRO, RUNOFF, 
SUSPENDED_SEDIMENT) 

In this command, WATER is the name of the variable we are configuring, and 
SWTransportl is the name of the particular function that defines the hydro- 
logic fluxes. The SWTransportl function is defined by C++ code in a hie 
called SWaterl . cc in the Project’s UserCode directory. The prefix END indi- 
cates that the horizontal fluxing will be executed at the end of the time step, after 
all the local vertical fluxes are calculated. The remaining arguments are names of 
variables in the model that will be used by the SWTransportl function. The 
HYDRO variable is a map of the river network, RUNOFF represents the rate of hor- 
izontal fluxing, and SUSPENDED_SEDIMENT is the Sediment variable that will 
be recalculated together with the WATER variable. Another coverage — the 
SOILMAP, a soil-type map — is used to define the Infiltration rate. The ELEVMAP 
is used to initialize the sediment elevation, which can be modified by the de- 
posited and suspended sediment. 

The developer next creates a scenario named “one’" using the SME command: 
SME scenario one 

A scenario can be conceptualized as a particular configuration of a model. The 
spatial model executables can now be constructed using the command: 

SME build 

The SME generates and compiles the C+ + code for the full spatial model to gen- 
erate the simulation executable. The “build” command also creates two more de- 
fault configuration files. The initial model configuration file, named Erosion . 
conf , contains a list of all model variables with some default configuration in- 
formation that is deduced from the STELLA model. Thus, a typical state variable 
is presented as 



* WATER s ( 1 ) sC (C) 

The parameter values are imported from STELLA and default parameter configu- 
ration commands are created by the SME: 



* A pm ( 2 ) 

* B pm (10) 

* C pm ( 1 ) 

* D pm ( 2 ) 



At this stage, the developer must enter the commands which configure map input. 
The following commands tell the spatial model to read four maps in Map2 format 
and use the input data to initialize four variables: 



* ELEVMAP 

* HYDRO 

* LINKMAP 

* SOILMAP 



d (M2 , ElevMap) 
d (M2, HYDRO) 
d (M2 , LinkMap) 
d (M2 , SoilMap) 



S (1 . 000e+00, 0 . 000000) 
S (1 . 000e+00, 0 . 000000) 
S(1.000e+00, 0.000000) 
S(1.000e+00, 0.000000) 
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Besides we need to describe how the grid cells are to be linked. We do that by re- 
ferring to the LinkMap that is part of the dataset. Make sure that the following 
commands are present in the config hie: 

$ Erosion_module g (M2 , LinkMap, default, ) AL(0,0) 

* TIME 

$ Erosion_module T (M2 , Linkmap, default, ) AL(0,1) 

~ FrameLink m2 (M2, LinkMap, ) lm(l) i (1,2) p(l) 

The first line configures the whole model, which in this case is called Erosion. 
The model can consist of several modules, but in this model there is only one and 
it is also called Erosion; therefore, the second module configuration command 
looks similar to the first one. The g ( . . . ) command configures the model as a 
2-dimensional grid frame. This is done based on a map (LinkMap in this case, 
although it could be any other one from the map set). The T ( . . . ) command in 
combination with the definition of the FrameLink conhgers the tree network. A 
tree network is a network of cells in which each cell is connrcted to one other cell. 
This connection is defined by the LinkMap map, which has a value > 0 and < 9 
in any active cell. The actual value in the cell is used to determine which of the 8 
neighboring cells it is linked to, according to the format {NE = 2, EE = 3,SE = 
4,SS = 5,SW = 6,WW = 7.NW = 8,NN = 9). The FrameLink is defined by the 
m-command: mO to read the hydro-river map and create the linkmap internally 
also using the the elevation map, to be read by the ml command; or m2 to use the 
already available Link Map. In this case the river map is not required. In our ex- 
ample we use the second option. The lm ( 1 ) command allows diagonal elements 
linking, 0 — no diagonal linking, i (1,2) tells us how the river map is marked: in 
this case we have 1 for the river cells and 2 for the outlet of the river. 

Another configuration hie, called Erosion . one . conf , is available for en- 
tering scenario-specific configuration commands. This hie is read after the model 
configuration hie and augments or overwrites the model configuration data. 

2.3.3 Model Runs 

A spatial simulation run can now be started using the command 

SME run 

The SME script runs the simulation executable (i.e., the “SME Driver” that was 
generated in the “build” stage, which reads the initialization data from the config- 
uration hies). The Driver runs the model and generates output that is stored in the 
DriverOutput directory. The UserCode may also output values to user- 
defined data hies stored in that directory. For example, the SWTransportl 
function that we used to flux water and sediment horizontally generates a time se- 
ries of water how through the drainage point of the watershed. These data can be 
imported to a graphic viewer to analyze the modeled runoff patterns (Fig. 2.5). 

Alternatively, the SME Java interface can be used to visualize the model’s out- 
put. The DD ( ) conhguration command determines which variables will send 

their output data to the SME visualization tool (the “ViewServer”). For example, 
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Figure 2.5. The time series of Water generated by the UserCode and then graphed using 
Excel. 



* WATER DD ( ) s ( 1 ) sC (C) 

will cause the output data for the WATER variable to be sent to the ViewServer 
at each time step (Fig. 2.6). When the model runs, the driver notifies the user that 
it is waiting for the ViewServer to receive output: 

Attempting to connect to ViewServer (you may need to 
start up Viewserver with startup_viewserver script) 
on host localhost 

When the ViewServer is started, it receives the output from the driver and dis- 
plays a menu of datasets and a palette of applicable visualization tools. The out- 
put data can also be archived for further use and analysis. 

For a “toy” system like the one described here, it should not take more than sev- 
eral hours to build the local model in STELLA, import it into the SME, and then 
augment it with an appropriate algorithm for spatial fluxing and transport (see Table 
2.2). For more complex models, it will certainly take longer to put together and 
debug the STELLA model, but the most difficult part will be the assembly of the 
data files and their proper description in the configuration files. It can also take a 
large effort to put together an appropriate spatial algorithm if there are no suitable 
algorithms available in the LHEM (Chapter 3). However, the UserCode approach 
offers great power and flexibility in algorithm development while allowing the user 
to build on the existing SME spatial modeling and visualization capabilities. 

2.4 Conclusions 

The SME is emerging as a powerful tool for spatial modeling and data analysis. It 
has been a crucial element in a number of important research projects such as the 
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Figure 2.6. Spatial model output as displayed by the “spreadsheet” option in the Java 
user interface. 



Florida Everglades (ELM) (Chapter 6), the Patuxent Watershed (PLM) (Chapter 
8), the Great Bay (Chapter 7), and others. It is a sophisticated software package 
that is unlikely to become as foolproof and user friendly as STELLA, just as spa- 
tial modeling will never be as simple as localized box modeling. Spatial modeling 
is associated with much more complex datasets and processes that need careful 
management and understanding. Equations in partial derivatives, which are the 
backbone of any spatial dynamics, are immensely more complex than differential 
equations, implied in STELLA. Similarly, SME will be always much more so- 
phisticated than STELLA. 

The main problem the user faces, when starting a project with the SME is lim- 
ited or missing documentation, which seems to be a usual feature of all open- 
source public-domain software. However, the growing community of SME users 
and the mail list that they support works quite nicely to resolve most of the prob- 
lems that may occur. It should be also understood that the SME is work in 
progress, with new versions appearing every several months. The benefit of that 
is the responsiveness of the developers to the needs of the user community. In 
many cases, you may find your particular needs have been met in the forthcoming 
versions of the SME (contact Thomas Maxwell and explain your requirements). 

Currently, there are a number of spin-off projects that are extending the SME 
functionality. For example, Ralf Seppelt is contributing code for spatial opti- 
mization (Seppelt and Voinov, 2002) and map comparisons (see Chapter 12). 
These plug-ins and libraries are to be made available as part of the standard SME 
distribution. 
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Table 2.2. The ten steps to implement a model. Commands are in italics, and actions are 
in regular font. 



Step # 


Command or Action 


Result 


Comments 


1 


SME project “project 


Creates a folder called 


Some folders contain 




name ” 


“project name” that contains 
a number of sub-folders: 
Config, Data, Driver, 
DriverOutput, Models, 
UserCode 


automatically generated files. 


2 


SME model “Erosion ” 


Sets the SME model name to 
“Erosion” 


If the model name and the 
equations file do not agree, the 
equations will not import 
properly, and the model will not 
build properly. 


3 


SME import “Erosion. 


Creates “Erosion. MML. 


“Erosion. MML. config” needs to 




eqns ” 


config”, “Erosion. MML”, 
“Erosion_module.xml” 


be modified. 


4 


Modify the “Erosion. 
MML.conf” file 


The reference to the User code 
function 

“*WATER UF(S Water 1, . . .)” 
tells what spatial transport we 
wish to use 


As described in the chapter 


5 


SME import 


This generates links to the User 


This is not a typo; the equations 




“Erosion, eqns” 


code that takes care of 
horizontal transport 


must be imported twice. 


6 


SME seen “scenario 
name ” 


Provides a name for a given 
scenario of conditions 




7 


SME build 


Creates “Erosion. conf ”, 
“Erosion. one. conf” — these 
are the general configuration 
file and the scenario config file 


Configuration files need to 
be modified to link to 
spatial data. 


8 


Modify the “Erosion, 
conf ’ file 


Describe how the cells are 
linked spatially 
$Erosion_module 

g(M2,LinkMap, default) 
$EROSION_module 

T(M2,LinkMap,default) 
-Framelink m2(M2,LinkMap) 


As described in the chapter 


9 


Specify the maps 


* ELEVMAP 

d(M2,ElevMap,cln.grd) 
S(1.000e+00, 0.000000), 


As described in the chapter 


10 


SME run 
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Modular Ecosystem Modeling 

Alexey Voinov, Carl Fitz, Roelof M.J. Boumans, and 
Robert Costanza 



3.1 Introduction 

The General Ecosystem Model (GEM) (Fitz et al. t 1996) has been designed to 
simulate a variety of ecosystem types using a fixed model structure, in the hope 
that the generic nature of the model will help alleviate the “reinventing-the- 
wheel” syndrome of model development. A general ecosystem model in theory 
should eliminate the need for continuous remaking of models for different sys- 
tems and/or sites and can form the basis of spatially explicit ecosystem process 
models. Such characteristics logically lead to one of the broader objectives in 
ecosystem research: With a standard structure for developing a (model) synthesis 
of a system, comparisons among systems may be facilitated. The model was to be 
generally applied to ecosystems that range from wetlands to upland forests. It was 
to provide at least two useful functions in synthesizing our broader understanding 
of ecosystem properties. One involves using the model as a quantitative template 
for comparisons of the different controls on each ecosystem, including the 
process-related parameters to which the systems are most sensitive. Second, a 
simulation model, which is general in process, orientation, and structure, could 
provide one of the tools to analyze the influence of scale on actual and perceived 
ecosystem structure. 

Although the GEM approach still seems to be extremely important for cross- 
ecosystem and cross-scale comparisons, it turned out to be somewhat insufficient 
to cover all of the possible varieties of ecosystem processes and attributes that 
come into play when going from one ecosystem type to another. There is too 
much ecological variability to be represented efficiently within the framework of 
one general model. Either something important gets missed or the model be- 
comes too redundant to be handled efficiently, especially within the framework of 
larger spatially explicit models. Similarly, when changing scale and resolutions, 
different sets of variables and processes come into play. Certain processes that 
could be considered at equilibrium at a weekly time scale need be disintegrated 
and considered in dynamics at an hourly time scale. For example, ponding of sur- 
face water after a rainfall event is an important process at fine temporal resolu- 
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tion, bu( it may become redundant if die time step is large enough to make sure 
that all the surface water is either removed by overland flows or infiltrated. Daily 
net primary productivity fluctuations, which are important in a model of crop 
growth, may be less important in a forest model that is to be run over decades 
with only average annual climatic data available. Once again, the general ap- 
proach may result in either insufficiency or redundancy. 

The modular approach is a logical extension of the general approach. In this 
case, instead of creating a model general enough to represent all the variety of eco- 
logical systems under different environmental conditions, we develop a library of 
modules simulating various components of ecosystems or entire ecosystems under 
various assumptions and resolutions. In this case, the challenge is to put die mod- 
ules together, using consistent and appropriate scales of process complexity, and 
make them talk to each other within a framework of a full model. The concept of 
modularity gained strong momentum with the widespread use of the object- 
oriented approach in software development (Sequeira et al., 1997; Silvert, 1993). 

Reynolds and Acock (1997) offer an extensive discussion of modular design 
criteria and rules in the application to plant modeling. The features of decompos- 
ability and composability are probably the most important ones. The decompos- 
ability criterion requires that a module should be an independent, stand-alone sub- 
model that can be analyzed separately. On the other hand, the composability 
criterion requires that modules can be put together to represent more complex sys- 
tems. Decomposability is mostly attained in the conceptual level, when modules 
are identified among the variety of processes and variables that describe the sys- 
tem. There is much arbitrariness in choosing the modules. The choice may be dri- 
ven either by purely logical, physical, ecological considerations about how the 
system operates or by quantitative analysis of the whole system, when certain vari- 
ables and processes are identified as somewhat independent from the other ones. 

The composability of modules is usually treated as a software problem. That 
aspect is usually resolved by the use of wrappers that enable modules to publish 
their functions and services using a common high-level interface specification 
language (the federation approach) (CORBA, 1996; Villa and Coslanza, 2000). 
The other alternative is the design of model specification formalisms, which 
draws on the object-oriented methodology and embeds modules within the con- 
text of a specific modeling environment that provides all of the software tools es- 
sential for simulation development and execution (the specification approach) 
(Maxwell, 1999). In both cases, as models find themselves in the realm of soft- 
ware developers, the gap between the engineering and the research views on 
models and their performance starts to grow. From the software engineering 
viewpoint, the exponential growth of computer performance offers unlimited re- 
sources for the development of new modeling systems. With the advent of the In- 
ternet, it becomes possible to assemble models from building blocks connected 
over the Web and distributed over a network of computers (Fishwick et al., 1998). 
New languages and development tools appear even faster titan their user commu- 
nities manage to develop. 

On the other hand, front the research viewpoint, if a model is to be a useful 
simplification of reality, it should enable a more profound understanding of the 
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system of interest. It is more important as a tool for understanding the processes 
and systems than for merely simulating them. In this context, there is a more lim- 
ited demand for the overwhelming complexity of modeling systems. The existing 
software may remain on the shelves if it does not really help understand the sys- 
tems. This is probably especially pertinent to models in biology and ecology, 
where, in contrast to physical science or engineering, the models are much looser 
and “black-box” much of the underlying complexity due to the difficulty of param- 
eterizing and simulating all of the mechanisms from a first-principal basis. They 
may require a good deal of analysis, calibration, and modifications before they 
can be actually used. In this case, the focus is on model and module transparency 
and openness. For research purposes, it is much more important to know all of the 
nuts and bolts of a module to use it appropriately. The “plug-and-play” feature, 
which is so much advocated by some software developers, has a lower priority. In 
a way, it may even be misleading, creating the illusion of simplicity of model 
construction from prefabricated components, with no real understanding of 
process, scale, and interaction. 

Models delivered by means of some of the icon-based systems such as 
STELLA (HPS, 1995) offer much transparency, especially if they are properly 
documented. The STELLA software was used to formulate the GEM, which, in 
part, contributed to its fairly wide dissemination. STELLA has a number of ad- 
vantages, but its support of modularity is very limited. There are no formal mech- 
anisms that could put individual STELLA models together and provide their inte- 
gration. STELLA does allow submodels or sectors within the larger context (such 
as the sectors in the GEM), allowing each sector to be run independently of the 
others, or in any combination. However, there is no easy way that a sector can be 
replaced or moved from one model into another. One of the important features of 
the Spatial Modeling Environment (SME; see Chapter 2) (Maxwell and 
Costanza, 1997) is that it can take individual STELLA models and translate them 
into a format that supports modularity. In addition to STELLA modules, SME 
can also incorporate user-coded modules that are essential to describe various 
spatial fluxes in a watershed or a landscape. 

Instead of a general model that should represent all the variety of ecosystems, 
by using the SME we can formulate a general modular framework (Fig. 3.1), 
which defines the set of basic variables and connections between the modules. 
Particular implementations of modules are flexible and assume a wide variety of 
components that are to be made available through libraries of modules. The mod- 
ules are formulated as stand-alone STELLA models that can be developed, tested, 
and used independently. However, they can share certain variables that are the 
same in different modules, using a convention that is defined and supported in the 
library specification table. When modules are developed and run independently, 
these variables are specified by user-defined constants, graphics, or time series. 
Within the SME context, these variables get updated in other modules to create a 
truly dynamic interaction. 

For spatial dynamics, modules can be formulated in C+ +. They can use some 
of the SME classes to get access to the spatial data and can be then incorporated 
into the SME driver and used to update the local variables described within the 
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Figure 3.1. Principle modules and their interaction. The local modules are formulated as 
STELLA models and the spatial modules are C++ code, using SME classes to access spa- 
tially explicit variables and parameters. 



STELLA modules. In this case, it is hard to offer the same level of transparency 
as with the STELLA modules. More emphasis should be made on explicit docu- 
mentation and comments to the code. We also hope that by presenting the various 
modules of the Library of Hydro-Ecological Module (LHEM) on the Web and of- 
fering detailed description of various modules and their functions, we can in- 
crease their utility for reuse and further improvement. 

At this time, the LHEM is in its initial stages of development. It offers a frame- 
work to archive the modules that may be used either as stand-alone models to de- 
scribe certain processes and ecosystem components or may be put together into 
more elaborate structures by using the SME. In this chapter, we will describe some 
of the major modules that are currently included into the LHEM. We will give a 
brief description of their structure and then refer the reader to the web pages (or the 
CD), where the modules can be further explored and downloaded. We will illus- 
trate the concept on the example of the Patuxent Landscape Model (PLM), which 
is a fairly complex spatial watershed model and has been put together entirely 
from the LHEM modules and then calibrated and used for scenario runs. 

3.2 General Conventions 

There is a good variety of software currently available that can help build and run 
models. Between the qualitative conceptual model and the computer code, we 
may place a number of software tools that can assist us in converting conceptual 
ideas into a running model. Usually, there is a trade-off between universality and 
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user-friendliness (Voinov and Akhremenkov, 1990). On the one extreme, we see 
computer languages that can be used to translate any concepts and any knowledge 
into working computer code. On the other extreme, we find realizations of partic- 
ular models that are good only for the individual systems and conditions for 
which they were designed. In between, there are a variety of more universal tools. 

They include modeling languages, which are computer languages designed 
specifically for model development, and extendible modeling systems, which are 
modeling packages that allow specific code to be added by the user if the existing 
methods are not sufficient for their purposes. In contrast, there are also modeling 
systems, which are completely prepackaged and do not allow any additions to the 
methods provided. There is a remarkable gap between these packaged and ex- 
tendible systems in terms of their user-friendliness. The less power the user has to 
modify the system, the fancier the graphic user interface and the easier the system 
is to learn. From modeling systems, we go to extendible models, which are actu- 
ally individual models that can be adjusted for different locations and case stud- 
ies. In these, the model structure is much less flexible, the user can make choices 
from a limited list of options, and it is usually just the parameters and some spa- 
tial and temporal characteristics that can be changed. 

Similarly for modeling environments such as the SME, there is a certain level 
of user-friendliness that is usually in reverse proportion to generality. To be able 
to link both unit and spatial modules, the SME adopts certain conventions on how 
the modules should be described and the formats of data that can be used. 

In the SME, local modules can be described as Sectors in STELLA. Each 
module is a different STELLA model. The sector name should begin with the $ 
sign. In what follows, we will call state variables, forcing functions, and parame- 
ters simply variables if they do not need be distinguished. The variables within a 
sector will be considered as owned by this module. All of the external variables 
defined outside of the sector borders can be defined in other modules. Within a 
module, to make it operable as a stand-alone model, these external variables 
should be defined as constants or as time series (say, defined as graphs in 
STELLA) that can change with time or as functions of some other independent 
variables. 

Variables shared between modules should have the same name. The SME 
translator takes the STELLA equations saved as a text file and translates them 
into an intermediate formalization, called the Modular Markup Language (MML) 
(Maxwell and Costanza, 1997). It will find the shared names and link them. A 
config file will be produced that contains all of the variables from all the modules. 
This config file can be further edited to change the values used for the variables in 
the driver. However, these changes will not affect the values that the variables are 
set to in the STELLA formulations of the modules. Due to STELLA limitations, 
there is no way back from MML or STELLA equations to the STELLA icon- 
based diagram and modeling tools. Therefore, all of the changes made to the 
MML formulation or directly to the driver in C++ will be lost if we export and 
process a new STELLA equations file. 

Whereas most of the local dynamics can be effectively described within 
STELLA models, it becomes hard, if not impossible, to represent spatial processes 
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using this formalism. To link individual local models into a spatial network, again, 
SME can be used, if the appropriate code is provided. The SME allows one to link 
C+ + programs, described as UserCode, with the local ordinary differential (dif- 
ference) equations (ODEs) generated based on STELLA formulations. A number 
of the SME classes are made available for writing user code in order to provide ac- 
cess to spatial and nonspatial data structures handled by the SME. 

In addition, because local dynamics is treated in the SME in a spatial context, 
it also gets the spatial variability that can be associated with the various parame- 
ters being spatially distributed, related to, say, soil or habitat types. In this case, 
when moving from one spatial locality to another, the same system of ODEs gen- 
erated from STELLA is solved with a different parameter set, one that is substi- 
tuted by SME. Currently, the SME does not incorporate any extensive database 
features to serve the needs of describing and archiving the numerous parameters 
encountered in models and modules. However, there are several input mecha- 
nisms that allow one to read the location-dependent data from various file for- 
mats. For example, the habitat-dependent parameters are accumulated in a file 
that has various columns representing the different model parameters, and rows 
describing the various habitats. A parameter described as habitat-dependent in the 
config.file is then input from this file based on the information about the particu- 
lar habitat specified by the Land Use map. 

Another alternative that we have explored to integrate individual modules and 
run them jointly is the MADONNA software (Macey and Oster, 1993) that can 
take STELLA equations, compile them, and run, much faster than STELLA can 
(which interprets on the fly, not compiling the equations). In MADONNA, it is 
quite easy to combine equations from several STELLA modules into one Equa- 
tions file and thus create a new integrated model. Unfortunately, the option of 
viewing the flowchart diagram of this integrated model will be also lost and the 
joint model will have to be maintained only in the Equations format, thus forfeit- 
ing some of the transparency and visualizations that the original modules deliver. 
For running the modular models spatially, SME still remains the only feasible 
software package. 



3.3 Physical Modules 

3.3. 1 Variables and Major Assumptions 

There are no state variables in this module. The variables defined here are the 
forcing functions and parameters that describe the physical environment and in- 
clude the following: 

• Climatic factors: Precipitation, Temperature, Humidity, Wind Speed, Solar 
Radiation 

• Surface geomorphology: Elevation, Bathymetry, Soils, and so forth 

t Auxiliary variables shared by other modules: Day Length, Julian Day, Habitat 
Type, and so forth 
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The module is designed primarily to simplify data preprocessing. It takes care 
of various conversions when the raw data are input into the model. For particular 
applications, there is a good chance that some modifications will be required if 
the data available are presented in some different formats and units. In some 
cases, additional submodules may be formulated. For example, the photoactive 
solar radiation (PAR) is rarely available in standard climatic datasets. In many 
cases, this forcing function can be well estimated by empirical formulas based on 
the latitude of the study area. 

3.3.2 Solar Radiation 

There are currently two modules in the LHEM that calculate PAR. The first one is 
similar to the one used in the GEM (Fitz et al., 1996). It is based on an algorithm 
derived by Nikolov and Zeller (1992), which begins with a calculation of daily 
solar radiation at the top of the atmosphere based on the Julian date, latitude, solar 
declination, and other factors. The mean monthly cloud cover is calculated using 
a regressed relationship based on daily precipitation, humidity, and temperature. 
This monthly cloud cover value is used to attenuate the daily radiation reaching 
the surface. Daily radiation (PAR in eal/cm 2 /day) received at the Earth’s surface 
at a particular elevation, latitude, or time of year in the northern hemisphere is 
calculated using the Beer law relationship to account for attenuation through the 
atmosphere. 

The second algorithm is a simplification of the Nikolov and Zeller model that 
matches their results in mid-latitudes (20° < Lat < 64°) almost exactly (r 2 = 
0.96). The solar radiation at the Earth’s surface is calculated using an empirical 
formula: 



PAR = (A + B cos(T_rad) + C sin 2 (T_rad))(l - 0.05D), 

where A = 720.52 - 6.68Lat, B = 105.94(Lat - 17.48) 027 , C = 175 - 3.6Lat, D 
is the cloudiness, and T_rad = 2/365 iifDayJul — 173) is the conversion from 
days to radians. 



3.4 Hydrologic Modules 

3.4. 1 Variables and Major Assumptions 

The traditional scheme of vertical water movement (Novotny and Olem, 1994), 
also implemented in the GEM (Fitz et al., 1996), assumes that water is fluxed 
along the following pathway: rainfall — » surface water -» water in the unsatu- 
rated layer — » water in the saturated zone. Snow is yet another storage that is im- 
portant to mimic the delayed response caused by certain climatic conditions. In 
each of the stages, some portions of the water are diverted due to physical (evap- 
oration, runoff) and biological (transpiration) processes, but in the vertical di- 
mension, the flow is controlled by the exchange between the following four 
major phases: 
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• Surface water (S) 

• Snow/ice (SI) 

• Water in unsaturated storage (UW) 
t Water in saturated storage (SW) 

We build our hydrologic module around these four state variables. These vari- 
ables as well as the associated fluxes are computed within this module and made 
available for input into other modules. On the input side for the hydrologic mod- 
ule, we use the following: 

• Precipitation 

• Air temperature 
i Humidity 

• Wind velocity 

• Habitat type 

• Soil type 

• Slope 

• Root depth 

• Leaf area index 

• Stream sinuosidity 

In addition to the GEM hydrologic module that proved to be well suited for 
wetland conditions, we have formulated another module that is better adjusted to 
terrestrial ecosystems and was used in the PLM. Taking into account the tempo- 
ral (1 day) and spatial (200 m, 1 km) resolution and the available input data, we 
have simplified the GEM module. 

At a daily time step, the model cannot attempt to mimic the behavior of 
shorter-term events, such as the fast dynamics of a wetting front, when rainwater 
infiltrates into soil and then travels through the unsaturated zone toward the satu- 
rated groundwater. During a rapid rainfall event, surface water may accumulate 
in pools and litterfall, but in a catchment scale, over the period of a day, most of 
this water will either infiltrate, evaporate, or be removed by horizontal runoff. In- 
filtration rales based on soil type within the Patuxent watershed range from 0. 1 5 
to 6.2 m/day (Maryland Department of State Planning, 1973), potentially accom- 
modating all but the most intense rainfall events in vegetated areas. The intensity 
of rainfall events can strongly influence runoff generation, but climatic data are 
rarely available for shorter than daily time steps. Also, if the model is to be run 
over large areas for many years, the diel rainfall data become inappropriate and 
difficult to project for scenario runs. Therefore, a certain amount of detail must be 
forfeited to facilitate regional model implementation. 

With these limitations in mind, we have implemented the following conceptu- 
alization: 

• We assumed that rainfall infiltrates immediately to the unsaturated layer and 
only accumulates as surface water if the unsaturated layer becomes saturated 
or if the daily infiltration rate is exceeded. Ice and snow may still accumulate. 

• Surface water in the model is water in rivers, creeks, ponds, and so forth. 
There is no standing surface water on top of the unsaturated layer. Surface 
water is removed by horizontal runoff or evaporation. 
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• Within the day time step, surface water flux also accounts for the shallow sub- 
surface fluxes that rapidly bring the water distributed over the landscape into 
the microchannels and eventually to the river. Thus, the surface water trans- 
port takes into account the shallow subsurface flow that may occur during 
rainfall, allowing the model to account for the significantly different nutrient 
transport capabilities between shallow and deep subsurface flow. 

Conceptually this is similar to the slow and quick flow separation (Jakeman 
and Homberger, 1993; Post and Jakeman, 1996) assumed in empirical models of 
runoff. In this case, the surface water variable accounts for the quick runoff, 
whereas the saturated storage performs as the slow runoff, defining the base flow 
rate between rainfall events. 

The following processes arc analyzed within this module and, therefore, may 
be available in the other modules. 

3.4.2 Interception 

A certain part of rainfall attaches to vegetation or other structures on the land- 
scape and further evaporates without even reaching the ground. The net intercep- 
tion loss is typically 10-30% of rainfall (Shuttleworth, 1993) and depends both 
on the canopy storage capacity and the nature and pattern of the rainfall, because 
up to half of the evaporation of the intercepted water occurs during the storm it- 
self. Therefore, we assume that the amount of water that the vegetation can inter- 
cept is in proportion to the total biomass: 

H t = max(e,R, e 2 L) (m), 

where L r is the leaf area index (LAI), e, is the habitat-dependent landscape inter- 
ception parameter, e 2 is the vegetation interception parameter, and K is the 
amount of rainfall (m). In this way, a certain amount is intercepted for any pre- 
cipitation event and only the remaining part is delivered to the ground. 

3.4.3 Evaporation and Transpiration 

As in the GEM, pan evaporation from surface water (m/day) is calculated accord- 
ing to the Christiansen model (Saxton and McGuinness, 1982). The model uses 
temperature (7), solar radiation (J), wind speed (WO* and humidity ( H) as the in- 
dependent variables. 

Evapotranspiration is the process that removes water from the ground and re- 
leases it into the atmosphere. In addition to the evaporation process responsible 
for the air-water interface, in this case we have to account also for the delivery 
process that makes water available for evaporation. If the surface is vegetated, 
then it is the biological process of transpiration that is performed by plants using 
water from the root zone, bringing it up to the leaves and then pushing it out 
through the leaf slomatal pores, making it available for evaporation. If there are 
no plants, ponded water or soil moisture is evaporated. 

The portion of land covered by vegetation can be approximated by the LAI, L r . 
The total amount of evapotranspiration is then 
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H t = (L )TR + [1 - min(l, L)]E. 

Here, E = CH E U r is the evaporation front the ground, C, is the ground evapora- 
tion rate, H t , is the evaporation rate for open water defined earlier, U is the rela- 
tive moisture proportion ( U r = UIP, where U is the moisture proportion and P is 
the porosity), and TR is the total transpiration. When the LAI is larger than 1, we 
may think that there is no open surface available, the ground evaporation process 
shuts down, and TR becomes predominant. TR is further subdivided into transpi- 
ration from the unsaturated (TRj and saturated (TR ) layers: 

TR = TR u + TR r = (0 v ) TR + (1 - 0)TR, 
where 0 t , is the proportion of unsaturated layer transpiration: 
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where UW rf is the depth of the unsaturated layer. R is the root zone depth, R a is the 
distance to the saturated layer at which the capillary effect becomes pronounced, 
R is the index of the capillary root suction from the saturated layer which effec- 
tively makes saturated water available even when the roots are not yet long 
enough to reach it (UW rf > R): 

R ip = exp[— KXUW,-/?)]; 

W A is the water availability index: 
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which makes water fully available when the unsaturated moisture proportion U is 
larger than £/,, which is usually 50-60% of field capacity Uj, it makes water un- 
available when U is less than the wilting point U K (may be assumed equal to 10% 
of field capacity), and it returns an intermediate value otherwise. This is further 
modified by the capillary action, potentially making water available even when 
the unsaturated zone is totally dry, but the roots are close to the saturated storage. 

For potential transpiration TR p , we have implemented the Penman-Monteith 
resistance-based model of evapotranspiration, which is currently considered the 
most advanced in hydrologic practice. The equation is fairly complex and is well 
documented in literature (Shuttle worth, 1993). It represents the amount of water 
that is lost into the atmosphere as a function of climatic conditions (temperature, 
humidity, solar radiation, wind velocity), and vegetation characteristics, such as 
the LAI. 
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Transpiration is then calculated from potential transpiration, by taking into ac- 
count the water availability W^: 

TR = C TR W., 

tr p A' 

where C u is the habitat-dependent transpiration rate and TR p is the Penman- 
Monteith transpiration. 

Evapotranspiration is probably one of the most complicated processes in the hy- 
drologic cycle; therefore, it is also implemented as a separate module in the LHEM. 

3.4.4 Infiltration 

Because the model is run on a daily basis and we assumed that rainfall infiltrates 
immediately into the unsaturated layer, the infiltration is defined by the potential 
infiltration and by the unsaturated storage currently available for water to take. 
The potential infiltratiton is characterized by the surface features: 




where C s (m/day) is the infiltration rate for a given type of soil, C Hab is the habitat- 
type modifier (0 < C, [ab < 1), and C S1 (degrees) is the slope modifier. 

The unsaturated capacity is the total volume of pores in the soil that is not yet 
taken by water: 

= UW/P - (/), 

where P is the soil porosity. If / is less than the unsaturated capacity, then the po- 
tential infiltration is realized and the actual infiltration H. = / . If / > U , then the 

r P P c 

incoming water will fill up all the pores, effectively eliminating the unsaturated 
zone and making it saturated. Therefore, in this case, we channel all of the infil- 
trated flow to the saturated storage, add the available unsaturated water to it, and 
set UW to 0. Whatever water is left after infiltration is surface water available for 
horizontal runoff. 



3.4.5 Percolation 



By gravitational force, a certain part of water percolates from the unsaturated 
storage further down until it hits the saturated layer. Only the water that is in ex- 
cess field capacity is available for percolation. When moisture proportion is 
below the field capacity, all of the water is retained by capillary and adhesive 
forces. Therefore, the amount of available for percolation is 



U' = U - U p 



and the percolation rate is defined by 
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where C vc is the soil-dependent vertical hydraulic conductivity parameter. 
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In addition to the percolation process, additional water is transferred from the 
unsaturated layer to the saturated one whenever the water table is moving up. In 
this case, the water kept in the pores of the unsaturated layer is added to the water 
coming up from the saturated layer, further raising it. This amount is equal to H m 
= max(0, U-D^), where D h = UW Jit) - UW Jt — 1), which is the change in un- 
saturated water depth over one time step. 

Conversely, if the water table is going down, the moisture at field capacity 
stays in the soil and is added to the unsaturated storage: H pl = max(0, f/D^). 

3.4.6 Spatial Implementation 

The algorithms involved in the spatial hydrologic modules have been discussed 
in more details elsewhere (Voinov et al., 1998, Voinov et al., 1999a). There are 
three major modules currently available to move water and constituents in hor- 
izontal dimension. SWTRANS1 and SWTRANS2 are used for surface water 
dynamics and GWTRANS takes care of the aggregated saturated water storage. 

SWTRANS1 is mostly useful for relatively flat areas, such as wetlands, coastal 
plains, and estuaries. In this module, backflow is allowed and water level is cal- 
culated by equilibrating the water in a number of adjacent cells (Voinov et al., 
1998). The call to the function is SWTRANS1(S_WATER, MAP, ELEVATION, 
STUFF), where S_WATER is the map of surface water, also updated by the unit 
models, MAP defines the study area, ELEVATION is the elevation map, and 
STUFF is the map of constituent concentrations. 

SWTRANS2 assumes that there is a well-pronounced gradient in elevation that 
makes sure that water moves only in one direction. This is more appropriate for 
terrestrial ecosystems, where a link map can be generated, which unambiguously 
defines the direction the water is running (Voinov et al., 1999a). The function call 
is similar to the above. 

SWTRANSP is a combination of SWTRANS1 and SWTRANS2. Here, water 
can either equilibrate in relatively flat areas or run downhill, where the gradient is 
dominant. This function is used for areas having a combination of steep and flat 
regions. In this case, another variable is added to the function call: 
S WTR A NS P(S_W ATER, MAP, HABMAP, ELEVATION, STUFF). HABMAP 
is the additional coverage that is used to decide when the first algorithm is more 
appropriate and when the second one should be used. In some cases, it can be the 
Habitat Map, where cells in the Open Water category are the ones that need the 
equilibration algorithm. 

GWTRANS calculates the fluxes of groundwater and updates the concen- 
tration of constituents in cells. The function is based on a modified Darcy formal- 
ization of the groundwater flow. The call to the function is GWTRANS 
(SATJWATER, POROSITY, H_CONDUCT, MAP, STUFF, UNSATW), where 
SAT_WATER is the map of saturated water height, also updated by the unit mod- 
els, POROSITY is the coverage for soil-dependent porosities, H_CONDUCT is 
the coverage for specific horizontal conductivity coefficients, which may also be 
soil dependent, MAP describes the study area, STUFF is the map of constituent 
concentrations, which can be nitrogen or phosphorus in this case, and UNSATW 
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is the amount of water in unsaturated storage. H_CONDUCT is calculated as the 
cell-size-weighted horizontal conductivity: H_CONDUCT = CJ Va , where A 
is the cell size and C h is the conductivity. Then, for each cell, the function first 
calculates the average conductivity-weighted water stage for the nine cells in the 
immediate vicinity of a cell: 
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0 is the vicinity of cell (i, j), which consists of cells 1), (j— l,j), (i- 1, 

j+ 1 ), a j- 1), O', j), O', j+ 1), 0+1, j- 1), 0+1, A and 0+1, y'+l), s tj is 
SAT_WATER, C. is H_CONDUCT, and P.. is POROSITY. Next, it is assumed 
that the stage in the cell (/, j) will tend toward this equilibrium, and for each of the 
pairwise interactions with the neighboring cells k, the flow F k is calculated: 
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where k e j). The new stage is then S = S + F k . Note that when F k > 0, 
water is leaving the cell (/, j) and Hows into the neighboring cell k. It flows in the 
opposite direction when F k < 0. The flow of water also carries the constituents for 
which the concentration in cell (i, j) is updated with each of the pairwise flows, it 
is calculated using 
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3.5 Nutrient Modules 
3.5.1 State Variables 

As in the GEM, the nutrients considered in the LHEM are nitrogen and phosphorus. 
Various nitrogen forms, NO z - , NO, - , and NH,' arc aggregated into one variable 
representing all forms of nitrogen directly available for plant uptake. Available in- 
organic phosphorus is simulated as orthophosphate. There are two nutrient modules 
currently available. The distinction appears in the conceptualization of nutrients in 
the vertical dimension. In terrestrial ecosystems, nutrients on the surface are no 
longer necessarily associated with surface water and therefore need not be in the 
dissolved form as in the GEM. On the contrary, because most of the time most of 
the cells have no surface water, n_SF (n = N or P) represents the dry deposition of 
nitrogen or phosphorus on the surface. Over dry periods, n_SF continues to accu- 
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mulate with incoming fluxes from air deposition or mineralization of organic mate- 
rial. When rainfall occurs, a certain proportion of the accumulated n_SF becomes 
dissolved and, therefore, is made available for horizontal fluxing and infiltration. 

The first nutrient module closely follows the hydrologic fluxes and considers 
nutrients on the surface (n_SF), in the unsaturated storage (n_US) and in the sat- 
urated layer (n_SD) (n = N or P). 

The second nutrient module was designed to accommodate the aggregation of 
surface and shallow subsurface flows in the hydrologic sector. A proportion of ni- 
trogen and phosphorus stored in the upper soil layer is made available for fast 
horizontal fluxing along with nutrients on the land surface. The depth of this layer 
is a soil-dependent parameter. In most cases, we have assumed this layer to be 1 0 
cm thick, following a similar formalization in the CNS model (Haith et al., 1984), 
in which this upper soil layer was also assumed to be exposed to direct surface 
runoff. The spatial allocation of nutrient variables in this case does not quite 
match that of the water. This is an attempt to minimize the number of variables, 
because, even in this case, measurements that may be used for calibration are 
fairly scarce. However, the price that we pay for this aggregated representation is 
more complexity in the formalization of processes, because wc will have to com- 
pensate for the spatial aggregation assumed. 

In this case, only n_SF (mineral N or P on the surface) and /i Sl) (mineral N or 
P in the sediment) are considered. The phosphorus cycle in both modules features 
another variable (P_SS), which is the phosphorus deposited in the sediment in 
particulate form, no longer available for plants uptake, and effectively removed 
from the phosphorus cycle. The input variables in this case are mostly the hydro- 
logic fluxes offered by the hydrologic modules as well as Net Primary Productiv- 
ity and Root Depth calculated in the Plant Dynamics modules. 

3.5.2 Loading 

There are five major sources of nutrients in the system: atmospheric deposition, 
fertilizer application, septic leakage, discharges from sewage treatment plants, 
and natural decomposition of organic material. The atmospheric loading consists 
of dry and wet deposition. In most cases, only the wet deposition is reported. To 
account for dry deposition, we may assume that it is in proportion to wet deposi- 
tion with a coefficient D d which may be different for different localities. 

The fertilizer loading can be defined by the amount and application time. In 
most cases, it occurs once or twice during the crop growth season and depends on 
the crop, soil type, and agricultural practices adopted in the area. One common 
way to estimate the amount of nitrogen fertilizers applied is to assume the pounds 
per bushel rule, for which the amount of fertilizer applied per area in pounds is 
equal to the crop yield in bushels expected for the type of soil in the area (Bandel 
and Heger, 1994). Both atmospheric deposition and fertilizers contribute to the 
aboveground storage of nutrients n_SF. 

The amount of nutrients discharged from sewage-treatment operations is usu- 
ally a point time series that may be fed directly into the model for those cells, 
where the discharge occurs. In most cases, it will contribute to «_SF, but in some 
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cases, depending on the engineering of particular discharges, may also go to 
n_US or n .SD. The leakage from septic tanks is a nonpoint source of pollution 
which may be estimated based on data the amounts of nutrients produced per in- 
dividual per time period. For example, the amount of nitrogen is 4.8 kg/indi v/year 
= 0.0132 kg/indiv/day (Valiela et al., 1997). According to other sources, this 
may vary: 3.5-5 kg/indiv/year (Environmental Protection Agency report with 
National Center for Resource Innovation). 

The natural decomposition of dead organic material also contributes to nutrient 
loading. It occurs both on the surface and in the soil. If D mm is the total amount of 
mineralized detritus, then we assume that gD mm is channeled to the surface stor- 
age of nutrients, whereas (1 — g )D mjn goes to the subsurface storage. g(0 < g < 
1) is the separation parameter; it is hard to measure and usually has to be 
calibrated. 



3.5.3 Plant Uptake 

The amount of nutrients used for plant growth is in proportion to the net primary 
production. The nutrients in the surface storage are assumed to be available for 
plant uptake only when there is water to dissolve them. In addition to surface 
water (5), we should also consider the water in the 10-cm subsurface unsaturated 
or saturated layer (S r ) (Fig. 3.2). This makes the description much more cumber- 
some than it could be if the vertical distribution of nutrient variables matched that 
of the water. However, in that case, we would have to assume an additional state 
variable for nutrients in the unsaturated zone and some additional parameters that 
are difficult to estimate. 

The amount of water in the subsurface zone is 



(UW )R S 

uw d 

uw + ( sw x*-uw,) 

E - UW d 



if R s < UW d 
if /? s > UW d . 



Where UW is the water in the unsaturated storage, SW is saturated water, R ; is the 
depth of the subsurface layer (R r = 10 cm), UW d is the unsaturated layer depth, 
and E is elevation at the given locality. The total amount of water available to dis- 
solve the nutrients is S + S r and the concentration of nutrients is «_C sf = n_SF/(5 
+ S\ The amount of nutrients available for uptake is then equal to the total 
amount of nutrients on the surface, when surface water is present, or it is repre- 
sented by only a part of n_SF that is estimated to be in the subsurface storage: 

_ j(n_C sf )(S + S,) = h_SF, if 5 > 0 
n - K ~\ (n _ C s( )(l - n _ D d )S r , if 5 = 0. 



The coefficient H_D d is used to separate the amount of nutrients that are dissolved 
and further infiltrated into groundwater from the nutrients that are retained in the 
subsurface layer. 
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Figure 3.2. Calculations of nitrogen in the sediment available for root uptake. A linear 
decline in nutrient concentrations is assumed. E is the elevation, R d is the root zone depth, 
R s is the depth of the subsurface layer associated with the surface water flow, and UW, is 
the depth of the unsaturated layer. 



Then, for the uptake of nutrients from the surface, we assume the rate 
n_SF up = min[n_A sf , (n_U sf )NPP], 

where NPP is the net primary production of plants calculated in the plants module 
and n_U sf is the parameter for nutrient requirements of photosynthesis. 

The description of nutrients uptake from the sediment is more complicated be- 
cause we need to parameterize the gradual decrease of nutrient concentration in 
the sediment with depth as assumed in Fig. 3.2, also taking into account the depth 
of the root zone. Assuming that the concentration of nutrients is the same 
throughout the unsaturated zone and then decreases to zero at the bottom of the 
elevation considered, we may write 

«_SD = f D(x ) dx, 

JR S 

where D(x) is the vertical distribution of nutrients in the sediment in Fig. 3.2. 
Then, the amount of nutrients available for uptake in the root zone with depth y is 
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n_SD(y)=f D(x) dx. 
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otherwise. 



Here, R d is the root depth calculated in the plant’s module. The uptake of nutrients 
from the sediment zone is then similar to the one calculated for the surface: 

«-SD up = min[n_A sd ,(n_U td )NPP], 



where is the uptake parameter for the sediment storage of nutrients. In all 
the above formulas, n = N or P for nitrogen or phosphorus, respectively. 



3.5.4 Vertical Transport 

Nutrients are dissolved in water and carried with hydrologic flows, both in the 
vertical and horizontal dimensions. The downflow from n_SF to n_SD is associ- 
ated with the infiltration of water from the surface into the sediment: 

N_ = (n_C f )(n_D d )(UW p + SW p + S_SW), 

where n_ C )f is the nutrient concentration on the surface, n_D d is the separation co- 
efficient discussed earlier, UW and SW are the amount of rainfall infiltrated into 

p p 

unsaturated storage and saturated storage, respectively, and S_SW is the flow 
from surface water into the saturated storage. The reverse process occurs when 
saturated water hits the surface and flows out: 

W p = (*_C d )(SW_S), 

where n C. is the nutrient concentration in the sediment, n C . = 
n_SD/(S+SW), and SW_S is the flow from saturated storage to the surface. Both 
S_SW and SW_S flows are calculated in the hydrologic module. 



3.5.5 Sorption 

At higher concentrations of dissolved P0 4 , it becomes absorbed by organic mate- 
rial and metal ions in the soil. The rate of sorption is controlled by the amount of 
organic material in the soil. At lower concentrations of soluble PO d in the sedi- 
ment, P_SS becomes available again and returns back into the nutrient cycle. 
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3.5.6 Spatial Implementation 

The horizontal spatial fluxes of nutrients are closely tied to the hydrologic flows. 
Therefore, they are described together with the hydrologic flows on the surface 
(SWTRANS 1 and SWTRANS2) and in the ground (GWTR ANS). 

3.6 Plants 

3.6.1 State Variables 

In the Plant module, we simulate the growth of higher vegetation, which is the 
macrophytes in an aquatic environment, trees in forests, crops in agricultural 
habitats, grasses and shrubs in grasslands. The plant biomass (kg/m 2 ) is assumed 
to consist of the photosynthesizing (PH) and the nonpholosynthesizing (NPH) 
components. In addition to that, we distinguish between the aboveground and the 
belowground biomass (Fig. 3.3). 

Another state variable (B ( ) is employed to track the so-called biological time in 
the module. Biological time is the sum of effective daily average temperatures 
over the life span of the plant. The temperature is called effective if it exceeds a 
certain value (5°C in our case). These are the temperatures most suitable for the 
physiological development of the plant. Therefore, the total of such temperatures 
is a good indicator of the plant life stage and may be used to trigger certain 
processes such as sprouting, appearance of reproductive organs, and so forth. 
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Figure 3.3, Major plant components considered in the module. Plant biomass is assumed 
to consist of the PH and the NPI 1 components. The ratio between aboveground non-photo- 
synthetic hiomass (NPH a ) and belowground nonphotosynlhetic biomass (NPH b ) is as- 
sumed to be constant. 
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The module imports temperature and solar radiation data from the physical 
module, the nutrient availability from the nutrient modules, and the moisture con- 
tent from the hydrologic module. 



3.6.2 Temperature Limitation 

There is a great variety of functions that can be used to represent the temperature 
limitation L t on growth processes (Jorgensen 1980). In most cases, a bell-shaped 
curve is described (Fig. 3.4), which has a range of optimal temperatures where the 
limitation is negligible (L = 1); at other temperatures, the growth slows down or 
stops completely (L ; — » 0). This behavior is provided by a function described by 
Lassiter and Kearns (1974): 



l, = exp[j,(r-r opt )] 



) M L'niax r„ pl j 



T 

\ max 



r 



opt J 



Here, r is the optimal temperature, T nm is the maximal temperature after which 
the growth stops, and s is the curvature parameter which regulates the form of the 
curve. 

Another function (Voinov and Akhremenkov, 1990) is more complex but of- 
fers more flexibility in defining the shape of the temperature limitation curve is 

j- (i-T/r max )^i i f 7 <c 7 

Jo °p‘ 

(r -t) s ‘ 

I — J ^ max / 

1 ~~ (t -t 

\ max opt 

fm otherwise. 



where f is the value of the function at zero temperature [L(0) = / () ] and f n is the 
value of the function at maximal temperature (L (r ) = fj. 




Figure 3.4. General form of the limitation function used for temperature or light limita- 
tion. There may be a variety of functions to describe this functional response. 
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3.6.3 Light Limitation 

Another factor that limits photosynthesis is the availability of light: 

eM H) 

where I is the incoming solar radiation and l s is the saturation level for irradiation. 



3.6.4 Water Limitation 

If there is too much or too little water, the process of plant growth slows down. To 
account for the deficit of water, the function W (| (Fig. 3.5) is used: 

^o= s in(w a |J, 

where W a is the available water and m is the tolerance coefficient to dry out. 
When the tolerance is high (m < 1), the plant can grow fast enough, even under 




Figure 3.5. Plant limitation by low water availability, curve a, m = 0.5; curve b, m — 
2.0; curve c, m = 5.0. 
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low water availability. When the tolerance is low (m >> 1), the plant growth de- 
clines whenever water availability goes below 1. 

Just as inadequate water availability, excess water may be also detrimental to 
plant growth. Certain plants require that a proportion of root zone be above the 
water table to ensure that there is no limitation. Other plants grow well as long as 
they are covered by surface water to a certain level, but, then, if there is more 
water, their growth is inhibited. The function W, takes into account both condi- 
tions. The coefficient k (the tolerance to the high-water stage) represents the tol- 
erance to the surface water stage when it is negative and represents the require- 
ment on the proportion of the root zone above the water table when it is positive. 
Then, 




1 (1 + exp(SW + k)) 



min 1, 



U\V 



1 



\ 

V' R-k, 



if & < 0 u S W > —k 
if k > 0 u R > 0 
otherwise. 



Here, SW is the surface water, UW is the water in the unsaturated storage, and R 
is the root depth. As the surface water stage exceeds the tolerance level, or the un- 
saturated depth becomes less than Rk, W t becomes smaller than 1 and limits the 
plant growth. 

The overall water limitation (0 < L < 1) is then calculated as L — min 
(W 0 , W t ). 

3.6.5 Nutrient Limitation 

The standard Michaelis-Menten equation is assumed to calculate the uptake of 
each individual nutrient: 



where S is the nutrient ambient concentration and C is the half-saturation coeffi- 

n n 

cient (n = N for nitrogen or P for phosphorus). The Liebigh principle of limiting 
factors is driving the overall nutrient limitation: 

L„ = f p ). 



3.6.6 Net Primary Production 

The four limiting functions for light, temperature, moisture, and nutrient avail- 
ability are assumed to be multiplicative. The NPP is then calculated as 



Fmpp - a npp L r L } L w L n ( PH ) 



1 



PH 

PH„ 
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where a npp is the photosynthesis rate (1/day) and PH W is the maximal photosyn- 
thetic biomass for the given type of plants. 

3.6.7 Planting 

Some types of plant, such as agricultural crops, are planted at a certain time, t p . 
During planting, a given amount of biomass is introduced into the system and 
then starts to grow. If seeds are planted, then the biomass introduced is nonphoto- 
synthetic. This biomass remains inactive until the biological time B ( becomes 
larger than B s[ . After that, the translocation process described in Section 3.6.8 
starts to channel the biomass from the NPH to the PH storage. As PH appears, the 
photosynthesis begins and the plant starts to grow. 

3.6.8 Translocation 

We describe the distribution of new biomass among the model compartments 
based on the following two proportions: 

a* = PH/BM ., the maximum ratio of photosynthetic biomass to aboveground 
biomass (BM u ) 

[3 = NPH a /NPH b , the ratio of aboveground non-photosynthetic biomass (NPH ) 
to belowground nonphotosynthetic biomass (NPH fc ), which is assumed to be 
constant 

Using these two ratios, we can calculate most of the other model fluxes and com- 
partments. The aboveground nonphotosynthetic biomass is NPH ( = (|3)NPH/(1 
+ P), and the belowground component is NPH fc = NPH/(1 + p). When there is 
more PII biomass produced than transferred into the NPH storage, a > a*. Dur- 
ing periods unfavorable for photosynthetic production, a may become small (a < 
a*). However, at all times, the plant is assumed to tend to make a = a*. The two 
processes that are employed for this purpose are Transup and Transdown. The 
first describes the translocation of material from the NPH storage (roots, 
branches, etc.) into the PH parts (leaves) that occurs at the start of the growth pe- 
riod, or during periods unfavorable for growth, when stored assimilates are used 
to maintain plant growth. Reciprocally, the Transdown flux is dominating during 
periods of effective photosynthesis, when there is more assimilates produced than 
currently needed and a portion can be channeled into storage in the NPH parts. In 
both cases, the plant tries to maintain the proportion between the PH and NPH 
parts as close to a* as possible. 

The aboveground biomass BM a = PH + NPH a = PH + ((3)NPH/( 1 -I- (3). 
Therefore a = PH/[PH + ((3)NPH/(1 + (3)], and the translocation mechanism 
should operate is such a way that a -> a*. This condition is altered for certain 
plants that grow reproductive organs (such as crops). As soon as the reproduction 
process comes into play, the plant changes the translocation patterns, and growth 
of the reproductive organs becomes a priority. Because we do not have a special 
variable to account for these organs, we assume that they are part of the NPH 




3. Modular Ecosystem Modeling 65 



storage and when biological time exceeds the threshold for reproduction, the 
translocation is altered in favor of the NPH stock. 

The proportion of the newly produced photosynthetic material that is translo- 
cated into the NPH storage is then described as 



r = 



;o s Q /2 '> a if a > a 

- — a if B,>b r 

B, 

0 otherwise, 



where b r is the biological time threshold after which reproductive organs start to 
develop. 

The reverse process of translocation from the NPH storage to generate photo- 
synthetic biomass, Transup, occurs at the beginning of the vegetation period and 
is also triggered by the biological time counter B f 



3.6.9 Mortality, Litterfall, and Harvest 

These three flows occur at different times, but they all decrease the plant biomass. 
Mortality is a natural process of decay of certain plant parts and is assumed to 
occur at a constant rate as a proportion of the PH and NPH biomasses. 

Deciduous plants shed their leaves (PH biomass) in the fall. The process is trig- 
gered by changes in the day length: Once the day length becomes shorter than a 
certain threshold value, the litterfall process starts. The process starts slow and 
then accelerates as less photosynthetic biomass is left: 



h = 



0 

PH 

PH„ 



X 

PH" 



if D > fl D 2 D(t - 1) 
if PH < p min 
otherwise 



Here, the first condition provides that the litterfall occurs in fall when the day 
length D is decreasing and becomes less than the threshold value d t . The second 
case takes care of clearing the foliage completely after a certain minimal biomass 
p mm is reached. The third case is the gradual litterfall that starts when the day 
length requirement is reached; X is the litterfall rate and n is the intensity (n = 3) 
and PH is the maximal biomass reached during the season. It serves as a refer- 
ence point from which to decrease the photosynthetic biomass (Fig. 3.6). 

The harvest is another process that removes plant biomass. At harvest time, t w 
certain proportions of PH and NPH are taken out of the system. Right after har- 
vest occurs, a certain portion, p, of the biomass left is made available for the mor- 
tality flows that quickly channel the living biomass into the dead organic pool and 
make it available for decomposition. For seasonal crops, p = 1, and all of the bio- 
mass remaining after harvest rapidly dies off. For perrenial crops, p — > 0, and 
there may be no additional mortality caused by the harvest. 
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Figure 3.6. Liuerfall function. As the remaining photosynthetic biomass PH decreases, 
the rate of litterfall increases. 



3.6.10 Spatial Implementation and Crop Rotation 

The spatial distribution of plants is fixed; they do not travel horizontally in the 
landscape. Therefore, the only spatial changes that can occur to the vegetation are 
connected to some human activities, such as crop rotation, implemented as pail of 
management practices. The spatial module that takes care of crop rotation is 
called by CROPROT(HAB_MAP, DAYJUL), where DAYJUL is the Julian day 
and HAB_MAP is the Habitat map of the area. The function scans the whole area 
and switches land use type from one to another according to the current land use 
and the Julian day. The sequence of crops is fixed and is determined by the matrix 
(Fig. 3.7), in which each crop is associated with a certain time interval. For each 
of the cells (i, j) and each of the crops, we perform the operation if(TIME = = 
TIME k && HAB_MAP(ij) == CROP,,) HAB_MAP(i,j) == CROP,, where 
TIME, is the planting day for CROP,. 

3.7 Detritus 

3.7.1 State Variables 

At present, this module serves predominantly to close the nutrient and material 
cycles in the system; it does not go into all the details of the multiscale and com- 
plex processes of leaching, bacterial decomposition, and so forth. As biomass 
dies off, a part of it turns into stable detritus, D s , whereas the rest becomes labile 
detritus, D r The proportions between the two are driven by the lignin content, 
which is relatively low for the PH biomass and is quite high for the NPH biomass. 
Labile detritus is decomposed directly, and stable detritus is decomposed either to 
labile detritus or becomes deposited organic material (DOM), D^,. 
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Figure 3.7. Diagram of crop rotation most commonly implemented in Maryland. A user 
code modifies the Habitat map used in the model according to this rotation. As a result the 
modules have different sets of habitat-dependent parameters at different times of the year. 



3.7.2 Decomposition 

Avoiding much of the complexities, we assume the decomposition process as lin- 
ear. The decay of stable detritus is 

^ds ” ^o^s +d,L DT D s , 

where d 0 is the flow rate of stable detritus transformation into and d, is the 
flow rate between stable and labile detritus. The latter flow is modified by the 
Vant-Hoff temperature limitation function L m = 2 (r 20yi0 , where T is the ambient 
air temperature (°C). The decomposition of labile detritus and DOM are described 
similarly as linear functions modified by the Vant-Hoff temperature function. 



3.8 Calibration and Test Runs 

Wc have been using primarily the LHEM for modeling of the Patuxent watershed 
as well as several of its subwatersheds. Another watershed that was modeled is 
Gwynns Palls, a highly urbanized watershed in Baltimore. This brief description 
of the application of the LHEM in a particular project is primarily to illustrate 
how the modules were assembled and calibrated. The details of the Patuxent 
Landscape Module (PLM) and its results are described in Chapter 8. Here, we 
only want to show how the modules can be put together in a format of a working 
spatial model and to demonstrate that they can be effectively adjusted to represent 
a variety of habitats and locations. We are not focusing on particular calibrations 
because, in any case, recalibration will be required if the LHEM is to be applied 
in other projects. It is more important to test the parameter ranges in which the 
modules can still perform and understand how robust they are when applied in 
various combinations and localities. 

The modular approach called for the decomposition of the calibration process 
into what we termed a multitier calibration method (Fig. 3.8). In this case, the cal- 
ibration of the full model has been achieved in a stepwise process that started 
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FiGURE 3.8. The process of multitier modular calibration. The additional recalibration 
needed when switching from one spatial or structural scale to another is well compensated 
by the simplicity of calibrating smaller and simpler modules. 



with the calibration of individual modules. The obvious benefit of this was a 
much simpler model to calibrate at each step. It is also clear that the aggregate of 
several modules does not necessarily behave similarly to the individual modules 
taken separately. Therefore, recalibration was needed every lime we went from 
simple individual modules to their combinations, both locally and spatially. How- 
ever, it was always much easier to fine-tune the already performing modules than 
to do a full-scale calibration of the full model in its overall complexity. 

We started with calibrations of the local hydrologic model. The input from 
other modules, primarily plants, was imitated by fixed time series. For example, a 
time series was generated to represent the approximate dynamics of plants over a 
1-year time period. The model produced clearly different dynamics with and 
without plants (Fig. 3.9). Adequate data for local hydrologic calibrations were 
unavailable because these processes are essentially spatial and it is hard to local- 
ize them and consider them outside of the spatial context. Therefore, the local hy- 
drology was calibrated only in a “ballpark” fashion to make sure that the model 
behaves in a stable way in a variety of conditions. Similarly, we could provide 
only a limited calibration of the local nutrient dynamics. This stage of local cali- 
bration was important to make sure that all the major fluxes, such as evaporation, 
transpiration, percolation, nutrient loading, and uptake, are within some reason- 
able values — that there are no inexplicable trends in the model. It was also im- 





3. Modular Ecosystem Modeling 69 



1: SAT WATER 2: SURFACE WATER 3: UNSAT WATER 

m 





B. 

Figure 3.9. Local hydrology dynamics with (A) and without (B) plant biomass consid- 
ered. There is a clear effect of transpiration upon the amount of water in the unsaturated 
and saturated storage. When plants are present, they increase moisture capacity in the un- 
saturated layer and, consequently, higher infiltration rates can also mitigate the worst peak 
flows of surface water. 



portant to run the sensitivity analysis and understand the effect of individual pa- 
rameters on overall dynamics. 

Most of the calibrations for these modules were done in combination with the 
module for spatial dynamics added within the SME context. The spatial model 
for hydrology and nutrients or the water quality model has been calibrated for 
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several subwatersheds in the Patuxent. We identilicd two spatial scales at which 
to run the model — a 200-m and 1 -km cell resolution. The 200-m resolution was 
more appropriate to capture some of the ecological processes associated with land 
use change but was too detailed and required too much computer processor time 
to perform the numerous model runs required for calibration and scenario evalu- 
ation. The 1-kni resolution reduced the total number of model cells in the water- 
shed from 58,905 to 2352 cells. 

We did most of the preliminary calibrations for a small (23-km 2 ) subwatershed 
of Cattail Creek in the northern part of the Patuxent basin. Another small subwa- 
tershed, that of Hunting Creek, was located in the southern part of Patuxent, quite 
different in terms of soils and elevations. It also included an estuarine part that al- 
lowed us to test the second hydrologic algorithm that was designed for open 
water. The next larger watershed was the upper nontidal half of the Patuxent wa- 
tershed that drained to the United States Geological Survey gauge at Bowie (940 
km 2 ). Finally, we examined the whole Patuxent watershed (2352 km 2 ). 

We staged additional experiments with the small Hunting Creek subwatershed 
to test the sensitivity of the surface water flux. Three crucial parameters con- 
trolled surface flow in the model: infiltration rate, horizontal conductivity, and the 
horizontal flow rate defined by path length on the link map over which water can 
travel per time step of the unit model. Riverflow peak height was strongly con- 
trolled by the infiltration rate. The conductivity determined river levels between 
storms and the link length modified the width of the storm peaks. 

The results of surface water flow calibration are reported in Chapter 8. They 
are in fairly good agreement with the gauge data, and, what is most important, we 
had enough control over the hydrologic processes to modify the patterns of the 
hydrographs in the way we needed. Whereas some individual peaks and situa- 
tions were not always reproduced, the model worked well to represent the overall 
trends in the hydrologic patterns and gave a good estimate of the total outflow dy- 
namics from the area. Spatial nutrient dynamics were calibrated for data at sev- 
eral gauging stations on the Patuxent. Figure 8.8 of Chapter 8 displays the cali- 
bration results for nitrogen concentrations measured at the USGS station at 
Bowie, which is in the mid-Patuxent watershed and accounts for dynamics in the 
upper half of the study area. 

In contrast to the water quality modeling, the plant module is less dependent on 
spatial interactions. Therefore, the unit-model calibration in this case is more im- 
portant. The calibrations were carried out for a series of parameter sets, repre- 
senting the different habitat types and plant communities associated with them. 
We have considered a forest habitat and a number of agricultural habitats, such as 
com, winter wheat, soybeans, and fallow. 

The dataset we used to calibrate the forest dynamics came from field monitor- 
ing over a 10-year time period at 12 forested sites located within the eastern 
United States (Johnson and Lindberg, 1992). This provided mean flux rates and 
organic matter nutrient contents. Biomass and species composition were derived 
through the Forest Inventory and Analysis Database (FIA). To select data, the 
forest association used oak-hickory with 0.6% coniferous trees. For agricultural 
habitats, we have used data from the Maryland Cooperative Extension Agricul- 
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Figure 3.10. Planl dynamics in various habitats. Whereas agricultural habitats (B, C, D) 
are harvested, the forest (A) keeps accumulating the biomass of NPH tissue. Note that win- 
ter wheat (D) is displayed over a 2-year time interval. 



tural Nutrient Management Program (www.agnr.umd.edu/users/agron/nutrient 
/home.html#homeplace) and other sources (Schroder et al„ 1995). 

In this case, it was most important to make sure that the available parameter set 
is sufficient to represent a variety of plant behaviors for different habitats and 
control factors. The overall pattern of growth, maturity, and decay is similar for 
most of the plants; however, the dynamics of PH and NPH biomasses varies for 
different plants. In Figure 3.10, we represent the various growth curves for differ- 
ent habitats. The module producing these curves was the same Plant module de- 
scribed earlier, only the parameter sets were different. 

In another experiment, we tested the effect of various application rates of fer- 
tilizers upon the growth rates of a crop, soybeans in this case. The Nutrient mod- 
ule was used to generate the dynamics of available nitrogen, which was then fed 
into the Plant module (Fig. 3.11). Two parameters were modified. In the first four 
scenarios, it was the amount of nitrogen fertilizer applied. In the fifth scenario, the 
dissolution rate for the fertilizer was decreased 10 times. Whereas the plain addi- 
tion of fertilizers did not dramatically change the plant growth pattern, by de- 
creasing the dissolution rate we have significantly increased the amount of bio- 
mass produced. This may look somewhat contrary to the amounts of nitrogen 
available as shown in Figure 3.1 1 A. Apparently, the amount of nitrogen in the 
fifth scenario is the least. It requires a zoom-in in Figure 3.1 IB to see that most 
important is the pattern of how the nutrient is delivered to the plants. By extend- 
ing the dissolution time, we actually increased the amount of fertilizer made 
available for plant uptake. As a result, the production of photosynthetic biomass 
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D. 

Figure 3.11. Nitrogen and plant growth dynamics under varying scenarios of fertiliza- 
tion (curve i : 0.5 nominal fertilizer application: curve 2: 0.75 nominal fertilizer applica- 
tion; curve 3: nominal fertilizer application; curve 4: 1.5 nominal fertilizer application; 
curve 5: 0.75 nominal fertilizer application and 0.1 fertilizer dissolution rate). (A) Avail- 
able nitrogen: (B) zoom in for the available nitrogen after fertilizer application; (C) photo- 
synthetic biomass of plants; (D) nonphotosynthetic biomass of plants. 
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has jumped and, consequently, the nonphotosynthetic gains also increased. This 
may be viewed as a Best Management Practice, in which the fertilizers are ap- 
plied in a granular form that is then slowly dissolved and infiltrated into the soil. 
The gain in the yield and biomass production turns out to be quite remarkable in 
this case. Once again, our purpose here is not to demonstrate model behavior in 
particular applications, but to show that individual modules and their combina- 
tions produce meaningful output in a broad range of parameters and forcings and 
can be used to test various hypotheses and scenarios. 

Once the local modules were tested and precalibrated, they were translated and 
compiled by the SME into a general spatial model that has been further applied to 
the full Patuxent watershed and its subwatersheds. The resulting model has been 
then used to run an extensive scenario analysis program (Costanza et al„ 2000). 
By running these scenarios, we effectively further test the model for an even 
wider range of parameters and forcing functions, which considerably increases 
our confidence in its robustness and feasibility. 



3.9 Conclusions 

Somewhat in contrast to GEM, in the modular approach we do not intend to de- 
sign a unique general model. In this case our goal is to offer a framework, that can 
be easily extended and is flexible to be modified. A module that performs best in 
one case may not be sufficient in another. The goals and scale of a particular 
study may require a completely different set of modules that will be invoked and 
further translated by the SME into a working model. Although STELLA may not 
be perfect for all models and processes involved, by using it to describe the mod- 
ules we can provide the transparency that is essential for reimplementing modules 
in different contexts and environments. 

There is a certain disparity between the software developer and the researcher 
views upon models and modules. For a software developer, a module is an entity, 
a black box, which should be as independent as possible and should be as easy as 
possible to recombine with other modules. This is especially true for the federa- 
tion approach to modular modeling and is well demonstrated by the Web-based 
modeling systems. The utility of such applications may be marginal from the re- 
search viewpoint. 

For a researcher, a model is predominantly a tool for understanding the system. 
By plugging together a number of black boxes, the specifics and behavior of 
which are obscure and hardly understood, we do not significantly increase our 
knowledge about the system. From the complex natural system, we go to another 
system that may be also too complex to use. The results generated are difficult to 
interpret when there is not enough understanding of the processes that are actu- 
ally modeled. As noted earlier, this is especially characteristic of ecological and 
socio-economic systems, which are complex and hard to decompose. The decom- 
position of such systems requires careful analysis of spatial and temporal scales 
of processes considered and is very closely related to specific goals of the model 
built. 
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We argue that in this context the modular approach can be useful, if the focus 
is shifted from reusability and “plug-and-play” approach to transparency, analy- 
sis, and hierarchical description of various processes and system components. 
With the modules being transparent and open for experiment and analysis, the re- 
searcher can better understand the specifics of the model formalism that is inher- 
ited. It is easier to decide whether the modules provided are suitable or if they 
should be modified and tuned to the specifics of the goals of the concrete study. It 
is mostly for this reason that we offer the modules in the LHEM in this alternative 
implementation. The STELLA implementation provides the needed transparency 
and openness. Modules are also archived as SME MML files, which are harder to 
understand and modify; however, they are ready for direct use and recombination 
within the SME. 

There have been several attempts of collecting, documenting, and archiving 
environmental models (Fiddman, 2001; Noble and Davies, 1995; CEML, 1997), 
among which the Kassel University Register of Ecological Models is probably 
most noteworthy (Benz and Knorrenschild, 1997; Hoch et al., 1998). However, in 
our case, we seek quite a different goal, and instead of collecting all the available 
models and approaches, we tend to limit our scope to a minimal set of modules 
needed to represent a fairly wide variety of environments. In this respect, this ap- 
proach can be compared to the MMS system (Leavesley et al., 1996), in which 
the goal is not to collect and archive existing models, but to present certain mod- 
ules and models in a format that would allow recombination and modification to 
meet the user’s needs. This does not preclude expandability of the system. Addi- 
tional modules are invited and can be added to the system, as long as they comply 
with a certain set of rules that would allow their integration into the system. 

When applying the LHEM, or any other modeling library, the major complica- 
tion for the user is to pul together the modules in a meaningful and consistent 
way. In the GEM or in any other prefabricated model, the issues of scale consis- 
tency were predefined and presumably taken care of previously by the model de- 
velopers. With the modular approach, the challenge of combining the modules in 
such a way that they match the complexity of the system at study and be mutually 
consistent becomes the task of the library user. Once again, this added concern is 
the price that is paid for the added flexibility and optimality of the resulting mod- 
els. In theory, we can envision modeling systems that would keep track of the 
scales and resolutions of the various processes involved and automatically allow 
links with only such modules that would match these scales. In practice, with all 
the complexity and uncertainty associated with ecological and socio-economic 
systems, it may still be some time until such modeling tools appear. In the mean- 
while, the model transparency will be a very important prerequisite of modular- 
ity, especially if the modules are to be used in a research context. 
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Calibration of Large Spatial Models: 

A Multistage, Multiobjective 
Optimization Technique 

Ferdinando Villa, Alexey Voinov, Carl Fitz, and Robert Costanza 



4. 1 Introduction 

Complex physically based simulation models are increasingly applied to under- 
stand ecological system dynamics. Applications of ecological modeling tech- 
niques range from simple, small models with a limited set of hypotheses and as- 
sumptions, often independent of measured data, to complex, predictive 
simulation models describing the object of study in fine detail and relying heav- 
ily on the integration of existing data for initialization and testing. The latter ap- 
proach is often cited as the only way to tackle predictive studies of complex 
realities. 

Many central problems in modern ecology are best investigated by means of 
dynamic simulation models (Sklar and Costanza, 1991). In the recent past, large- 
scale simulation models have promoted significant ecological achievements 
(Costanza et al., 1990; Band et al., 1991; Raich et al., 1991; Melillo et ah, 1993; 
Parton and Rasmussen, 1994; Burke et ah, 1997. Important predictions of the ef- 
fects of global climate change rely on the results of simulation models (Halpin, 
1997). In general, the recognition of the links among ecology, economy, and the 
social sciences requires that predictive studies include more and more process de- 
tail (Bockstael et ah, 1995). The increasing need to understand specific environ- 
mental impacts and the outcomes of management strategies calls for the predic- 
tive power and specificity of complex, mechanistic simulation models. 

Advances in computer technology make complex simulation models increas- 
ingly feasible from a computational point of view. Nevertheless, the difficulty of 
obtaining a model output that is satisfactory for a model’s goals increases sharply 
with its complexity. The issue of “validation” and “verification” has been debated 
from different points of view and it is now generally agreed that full validation of 
a model is not possible (Oreskes et ah, 1994; Rykiel, 1996). Even in the more re- 
stricted process of measuring the goodness of fit of a model’s output to a set of 
data or hypotheses and finding one or more “optima” in the model’s parameter 
space (the process usually referred to as “model calibration”), nontrivial prob- 
lems arise. Many authors have enumerated the problems connected with the cali- 
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bration of simulation models. We can summarize these problems into the follow- 
ing categories: 

1 . The comparison of model output with measured data as the principal means of 
calibration is equivalent to using data as hypotheses. Formally, this argument 
is indefensible; as Rykiel (1996) puts it, 

. . . the model and the data are two moving targets that we try to overlay one upon 
the other. [ . . . ] We cannot assume that data accurately represent the real system 
and therefore constitute the best test of the model. The validity not only of the data 
but also of their interpretation must also be demonstrated. 

We cannot know whether uncertainty in calibration data or model inadequacy 
(or which combination of the two) is the source of the discrepancy (or even of 
the agreement) between reference data and model outcome. Furthermore, data 
are a model themselves, as they incorporate no representation of process but 
are, nevertheless, dependent on scale choices, assumptions, and the preexist- 
ing concept of the system, which guides their selection and collection. When 
we calibrate a model to data, we calibrate a model to another, less abstract, 
model. 

2. In general, complex models exhibit a complex response to parameter change. 
It is increasingly recognized, and we will show that any nonlinear model is 
likely to exhibit multiple acceptable optima in widely different areas of the pa- 
rameter space. Global optimization techniques cannot help identifying a single 
optimum in similar cases. Each of these different optima embodies a poten- 
tially different explanation of the phenomena under consideration — which we 
have no right to ignore. 

3. The complexity of the model’s response is paralleled by the difficulty of defin- 
ing the calibration problem. This difficulty has two components: (1) the high 
level of subjectivity in the definition of the “ideal” model behavior, particu- 
larly when the calibration involves many datasets that need to be made com- 
patible, or more general patterns in model’s output which are supposed to be 
“correct”; (2) the existence of multiple goals in the calibration process, which 
turns it into a multiple optimization problem. It is common for such problems 
to show nonunique results because of trade-offs between the different func- 
tions to optimize. 

4. The modalities of propagation of calibration errors in the model’s output are 
largely unknown. Only in a handful of studies ecologists have really tried to 
estimate the effect of inaccuracies in calibration on a model’s predictions (e.g., 
Gardner et al., 1980; Binley et al., 1991; Melching et ah, 1990). These prob- 
lems make rigorous evaluation of the output of such models prohibitively dif- 
ficult and their application uncertain and problematic (Romesburg, 1981; 
Haefner, 1996). We do not know how to simplify the calibration problem, be- 
cause not knowing the magnitude of the effect of each error, we cannot decide 
what to leave out from the calibration criteria. 

These difficulties have led Beven (1993) to talk explicitly of the “prophetic,” as 
opposed to predictive, nature of (physically based, hydrological) simulation mod- 
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els. The same problems make an independent review of a model’s results simi- 
larly difficult and uncertain. A realistic evaluation of these issues in view of their 
expanding ecological application seems to be missing. Insufficient or inappropri- 
ate analysis of the model’s response has limited the usefulness and the depth of 
the insight reached in many large ecological modeling studies. Under intensive, 
systematic study, even models that fail to perform acceptably can yield precious 
information, as long as the reasons for their shortcomings are understood. The 
role of a model as a generator of new hypotheses should never be overlooked, and 
a nonsystematic, simplistic calibration process that merely tries to reproduce an 
available dataset is likely to make the experimenter miss most of a model’s im- 
portant features. 

In order to quantify the uncertainty and its potential impact on current and fu- 
ture ecological research, we have identified a systematic approach to the calibra- 
tion and study of the response of complex ecological simulation models. After a 
theoretical analysis of those components of a model’s value that can be character- 
ized in the calibration process, we will focus on the theory and the techniques we 
have developed to add standardization and repeatability to each phase of it. More 
specifically, we will address the following points: 

1 . The definition of one or more sets of calibration criteria, summarizing in a for- 
mal way the aims of the calibration process and allowing a standardization of 
techniques 

2. The identification of techniques to quantify the distance between the observed 
and desired model’s output, given a set of calibration criteria 

3. The identification of techniques to effectively explore the parameter space in a 
partially or entirely automated way 

4. The analysis of the results of the process, to maximize the knowledge gained 
from the model and to guide future efforts 

We illustrate our approach with the description of the calibration of some ex- 
ample ecological models with increasing degrees of complexity and of a version 
of the General Ecosystem Model (GEM) (Fitz et ah, 1996), a 21-state variable, 
39-parameter model of the ecology of a specific area. 



4.2 A Reappraisal of the Process of Model Calibration 

The value of a model is not only dependent on its ability to replicate a dataset. 
Other aspects such as its range of application, robustness, and reliability are also 
usually discussed, but are even more difficult to quantify. The idea of “model 
credibility” (Sorooshian et al., 1983), which can be seen as a broad definition of 
model “value” for both predicting the development of natural systems and stimu- 
lating new insight, has a more complex nature than is implied by the simple abil- 
ity to replicate a known dataset. As Mankin et al. (1977) pointed out, important 
properties of models are adequacy (the ratio of the range of acceptable predic- 
tions of the model and the range of different situations known to exist in nature) 
and reliability (the ratio of the range of acceptable predictions of the model and 
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the range of situations that the model is capable of producing). Quantifying these 
aspects is problematic (Haefner, 1996). According to the model’s aims and realm 
of application, other factors can be involved. As an example, a factor that counts 
in defining credibility could be called “exactness,” defined as the comparison be- 
tween (1) the distance between the expected output and the closest output ob- 
tained and (2) the distance between the parameters that generate it and their mea- 
sured values. Also, the more complex the response of a model, the more difficult 
it is to recalibrate it after obtaining new or better data; it will be less likely also 
that the output generated after a shift in parameter values proves useful as a pre- 
dictor of what would happen in nature. 

It can be argued that the ideal calibration of a model should seek to character- 
ize the parameter space according to all the aspects of model value, not only to 
find the single point that seems to maximize its agreement with data. This fits nar- 
rowly within the commonly applied process of calibration: these aspects are 
rarely taken into account when reporting model results, and usually only descrip- 
tively. We maintain that all of the components of a model’s value (which are de- 
pendent on the purpose of the model) should be subject to formal analysis and 
that the parameter space should be characterized as fully as possible to allow 
evaluation and review of a model. 

A different distribution of acceptable parameter sets will result if the calibration 
criteria used to characterize the ideal outcome are defined in a different way. For 
example, one can quantify the portion of the parameter space where the model 
output is a meaningful (as opposed to faithful) description of the system under 
study. Such a calibration does not require a satisfactory fit to time-series data, but 
concentrates on matching known qualitative or semiquantitative patterns shown 
by the system, like known patterns of autocorrelation and cross-correlation, 
steady-state or systematic trends, and feasible boundaries for all state variables. 
Using such calibration criteria in addition to fitting the output to data yields a 
more complete picture about the model range of application. Furthermore, al- 
though time-series data are usually not available for all of the state variables of a 
complex model, the information needed to formally evaluate the agreement with 
such calibration criteria is more easily obtained. 

The data-fit approach depends entirely on data availability as well as data qual- 
ity. Looser calibration criteria yield boundaries for possible variation of the param- 
eters, allowing one to determine the possible range of application and ultimately 
contributing to the assessment of the value of the model to an extent that the data 
approach alone cannot. 

Different calibration criteria can also be defined by changing priorities in the 
model’s goals. The ability to reproduce any particular pattern can have a different 
importance according to the model’s application. Perfect agreement with an ideal 
optimal behavior is usually not expected and the experimenter implicitly includes 
priorities in his calibration criteria. An effective way to deal explicitly with dif- 
ferent calibration priorities is using importance weights for each objective. Use of 
such weights and careful definition of the calibration objective can lead to a wide 
range of different calibration strategies for the same model, each highlighting dif- 
ferent aspect of a model value. 
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No matter how the calibration process is carried out, the calibration criteria 
chosen will influence the process of searching for parameters, leading the investi- 
gator in several possible directions. Many revealing parameter combinations will 
remain undiscovered, with a probability proportional to the complexity of the 
model. As Beven (1993) pointed out, the concept of the “optimum” parameter set 
should be replaced by the idea of “equifinality,” or the expectation that acceptable 
model prediction can achieved by using multiple parameter sets. We extend this 
concept to the broader idea of “multifinality,” meaning that more than one cali- 
bration strategy may be needed to satisfactorily characterize the performance of a 
model. Each strategy identifies a potentially different subset of the parameter 
space as optimal. The combination of different calibrations yields information, 
which constitutes the “ultimate” model calibration. 

For each set of calibration criteria, there will be a set of points in the parameter 
space that identify the relative maxima of a multidimensional response surface, 
quantifying the degree of agreement of the model output with the calibration cri- 
teria. Reconstruction, analysis, and comparison of such surfaces is the key to ob- 
tain the deepest possible insight about a complex model. Formal studies to char- 
acterize a model response surface have been attempted (Kuczera, 1990) and used 
as possible approaches to assessing model nonlinearity over the investigated re- 
gion of the parameter space. However, even for the small-scale models to which 
they apply, these exact approaches are conditioned to stringent linear approxima- 
tions, which actually void the real insight that the models can provide. Very com- 
plex models defy mathematical optimization and their real advantage lies in un- 
derstanding and exploiting their complexity as a generator of ideas and new 
hypotheses. A thorough characterization of the parameter space will usually rely 
on computer-based exploration. 



4.3 Objective Functions and Model Estimation Techniques 

Any systematic attempt to model calibration requires a so-called “objective func- 
tion” to be defined. The objective function depends on the values of the parame- 
ters and state variables of a model and quantifies the degree of achievement of 
calibration objectives. In ideal cases, the objective function can be expressed an- 
alytically and the problem of calibrating a model translates into the mathematical 
minimization or maximization of the function. However, in most ecological ap- 
plications, the nonlinearity and size of the models prevent the researcher from 
using such exact approaches, and “naive,” heuristic computer-based techniques 
must be used instead. 

To date, the majority of ecological models, even some very complex ones, are 
still calibrated at the “eyeball” level — by trial and error. Although the success of 
the approach varies widely according to the experience and intuition of the exper- 
imenter, it cannot be considered reliable when the problem size is significantly 
large. The chance of success of the trial-and-error approach will be quantified in 
the examples, with the analysis of an algorithmic equivalent of the trial-and-error 
process performed by a computer on our example model. 
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Some of the most important optimization techniques, which can be used when 
exact mathematical optimization of the model equations is not possible, are 
briefly described in this section. The different approaches can be broadly catego- 
rized according to the way they search for an optimal parameter combination (de- 
terministic or random) and the number of different points in the parameter space 
they consider at each iteration of the algorithm. The following is a quick review 
of available techniques, which can be used with most formulations of the objec- 
tive function, ranging from enumerative random exploration of the parameter 
space to genetic algorithms. 

Enumerative Monte Carlo Techniques. Following the work of Tarantola (1987), 
any method using a random number generator at any stage is a Monte Carlo 
method. Nevertheless, it is common practice to apply this definition only to 
enumerative random techniques, for which a large number of random parame- 
ter combinations are generated within specified bounds on the parameter val- 
ues and the correspondent objective function is evaluated. Most ecological 
studies that go beyond trial-and-error calibration employ Monte Carlo tech- 
niques to estimate model parameters. The resulting picture of the response 
function gives indications about its complexity, although — as it will be shown 
in our example — it does not prove useful for parameter estimation when the 
model response is complex. 

Deterministic Search Methods. Techniques in this family explore the parameter 
space by starting at a point selected by the experimenter and searching its 
neighborhood in order to improve the value of the objective function. Different 
search algorithms have been developed over the years, among which the down- 
hill simplex method (Nelder and Mead, 1965) and the multidimensional Pow- 
ell’s direction set method (Brent, 1973). Despite their relative efficiency, these 
techniques are very sensitive to local conditions and cannot reliably find global 
optima in a complex response surface. They can, however, be used to improve 
estimates obtained with less precise global optimization methods such as ge- 
netic algorithms. 

Stochastic Single-Point Search Methods. These techniques try to improve a sin- 
gle estimate with probabilistic algorithms giving a chance of acceptance to 
each parameter combination, which depends on the value of the objective func- 
tion. These techniques are better suited to global search of a bounded portion of 
the parameter space. The most popular of these techniques has been Simulated 
Annealing (SA), also referred to as stochastic hill-climbing. A good introduc- 
tion to the principles of SA is given in Press et al. (1988). Despite its relative 
success, it has been largely superseded by evolutionary methods. 

Evolutionary Search Methods. These methods iteratively improve the average 
“fitness” (value of the objective function) of a population of “genomes” (para- 
meter combinations) through probabilistic selection algorithms and properly 
chosen algorithmic analogs of the processes of mutation, crossover, and re- 
combination between genomes (Forrest, 1993; Michalewicz, 1996; Wang, 
1997). Their strength lies in being able to identify the areas where global op- 
tima are located with greater efficiency compared to any other optimization 
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method. The final estimate is typically not very precise; deterministic search 
can be successfully used to improve on it. 

Multiobjective Calibration Problems and Spatially Explicit Models. Another 
point worth mentioning is the fact that often a single objective function is not 
enough to completely characterize the behavior of a model. In many cases, 
only a combination of different objective functions can express the calibration 
criteria correctly. In an ideal situation, the objective functions should all attain 
optimal values at the optimum; however, often, there will be a trade-off be- 
tween them, with one decreasing while others increase in response to parame- 
ter change. A similar problem can be present in situations where more than one 
single test is applied to a model state variable: one test value might be inversely 
related to another across a certain range of parameter values. In such situations, 
different noncommensurable objective functions have to be kept separate dur- 
ing the optimization process, and the target of the calibration is not an optimum 
point in the parameter space, but the optimal region where no objective func- 
tion dominates the others. This optimal set has been theorized in different 
ways; the concept that suits best such model optimization problems is Pareto 
optimality (Stadler, 1988). The characterization of Pareto sets in the parameter 
space can be approached using specialized algorithms like the one proposed by 
Yapoetal. (1998). 

The problem of calibrating spatially explicit models falls into the multiple- 
objective category: One (or more) objective function is needed for each site 
where data or calibration criteria are defined. No examples of application of mul- 
tiobjective techniques in spatial models could be found in the ecological literature 
at the time of this writing. 

Often a combination of techniques is the best approach to maximize the chance 
of obtaining successful parameter estimates. However, despite the wide array of 
techniques available, the relative complexity of these approaches and the lack of 
standardization have delayed their application in ecology to the point that many 
ecological modelers do not know about their existence. Another problem, already 
mentioned previously, is that in a simulation model supposed to be calibrated to 
real-world data, one is never sure whether the lack of fit is due to poor mechanis- 
tic understanding of the phenomena, as expressed in the model, or to problems in 
the calibration data (missing data, poor overall data quality, scale mismatch). It 
has been pointed out that most complex models when calibrated to actual data do 
not show a single optimal parameter combination, but a distribution of equally 
acceptable optima, usually scattered across the parameter space in complicated 
and apparently random patterns (Beven, 1993; Spear, 1997). Because it is not 
known whether the distance from optimum is to be attributed to the model behav- 
ior or to the way the optimum is defined by the available data, all of these optima 
constitute potential challenges to the experimenter, which need to be investigated 
to be able to define the value of the model for the intended application. Even the 
literature using the most advanced calibration techniques usually ranks the op- 
tima according to the objective function value and considers the highest one as 
the “best” point. Instead, a quantification of the variance in the objective function 
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value which can be attributed to uncertainty in data would be very important in 
defining the range of objective function values which needs to be taken into ac- 
count as potential optima, embodying potentially different explanations of the 
phenomena under study. This needs to be done on a case-by-case basis. In cases 
in which there is a lack in the quality and/or amount of the data available, a cali- 
bration based mostly on semiquantitative and qualitative patterns can be consis- 
tently more robust and trustworthy than one based on data. 

A formal way of measuring how many of the calibration goals have been at- 
tained is necessary not only to guide the search for calibration values but also to 
allow an independent, objective review of a model’s results. The objective func- 
tion chosen must be flexible enough to accommodate different calibration strate- 
gies, provide ways to account for deficiencies in data, and allow one to report the 
results in an objective, unambiguous way. We have developed the Model Perfor- 
mance Index formalism as an attempt to address these needs. 



4.4 The Model Performance Index Formalism 

The near totality of published environmental studies use objective functions that 
measure the distance between available reference data and the corresponding 
model state variables, such as mean squared error. Variables for which no data 
are available are usually ignored in the objective function formulation. Our start- 
ing point is that a general formulation should be flexible enough to accommo- 
date deficiencies in data, different definitions of the calibration criteria, and dif- 
ferent experimenter’s priorities. Nonquantitative knowledge about the expected 
model behavior should be factored in instead of excluded from the evaluation. 
At the same time, the specification of the objective function cannot be generic to 
the point of preventing the definition of standard criteria for the application 
of the measure, allowing its use for objective evaluation and review of model 
performance. 

Our Model Performance Index (MPI) formalism can be used to develop objec- 
tive functions that address the above needs and has potential for standardization 
without compromising flexibility. MPI-based objective functions can be used 
with all the techniques listed in the Section 4.3 to characterize the response sur- 
face of a model. We have successfully used the MPI in calibrating and evaluating 
very large simulation models. 

Large simulation models have many state variables and depend on many param- 
eters. Reference data may be available for one or more variables. Other hypothe- 
ses about the expected behavior of each variable in time might be relevant for cal- 
ibration. Semiquantitative dynamic patterns, like the expected structure of 
autocorrelation or the statistical evidence of steady state, can be an integral part of 
the calibration criteria even in the absence of real-world data. All of this knowl- 
edge is needed to build the error model of the phenomenon into consideration, 
which translates into the corresponding criteria for evaluation and calibration. 
The objective function chosen to represent the optimality of a model performance 
should fully and correctly represent the error model developed. In different appli- 
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cations, the same model of the physical world may need to use different error 
models and different calibration criteria. 

An objective function needs to be able to represent different degrees of confi- 
dence in data and hypotheses. If the data quality is dubious, a statistical agree- 
ment between model output and data might have less importance than matching 
known dynamic patterns or boundaries. One or more ways to cope with variable 
data quality and priority of evaluation criteria must be available in the objective 
function formalism. 

In order to provide a general objective function suited to all of the applications 
and requirements indicated, we have adopted a formalism based on multicriteria 
evaluation. The multicriteria evaluation framework (Voogd, 1983) embodied pri- 
orities and goals explicitly, allowing the clean encapsulation of the subjective 
components in a decision problem, and has been developed to take into account a 
variety of evaluation criteria. In our case, we will need different tests for each 
known aspect of each variable, each with a potentially different importance for 
the evaluation and calibration needs. We developed the MPI framework as a gen- 
eral tool for defining objective functions meeting the following requirements: 

• Approximately linear response as a function of the absolute distance from the 
parameter values yielding optimal model behavior 

• Potential for standardization (as a reference/review aid) through the use of uni- 
form test response and the use of application protocols 

• Efficiency and flexibility, obtained through the use of weights and error- 
reduction techniques, for use in automated parameter search with a variety of 
techniques 

• Generality to allow different formulations for the same model, corresponding 
to the definition of different calibration objectives 

• Suitability for use with single-objective and multiobjective optimization 
techniques 

A MPI is defined on a case-by-case basis using different variables and test 
combinations, integrating the available knowledge about one or more aspects of 
the optimal model performance for a particular set of calibration criteria. The 
choice of conglobating the whole error model in one aggregate index or define a 
set of MPIs for different aspects of it depends on the goals, the nature of the prob- 
lem, and the calibration technique adopted. According to the problem and the 
amount of information available, the details of the error model can be specified as 
comparison, with reference data or as qualitatively or semiquantitatively speci- 
fied constraints on the expected model behavior. The currently available tests in- 
cludes rough tests to check for minimal feasibility requirements of the model out- 
put and rigorous statistical tests of the agreement between observed and 
simulated data in both the time and frequency domain. 

In the MPI framework, one or more lack-of-fit measures are specified for each 
variable, each with its own weight specifying its relative importance. These mea- 
sures can be combined to obtain a partial score for each variable, ranging from 0 
to 1 . A global score, also ranging from 0 to 1 , combines the partial scores into a 
single index and allows a quick summary of the model performance. Single- 
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objective optimization techniques can use this aggregated value as the objective 
function. Multiobjective techniques can optimize partial MPI scores simultane- 
ously to characterize a model parameter space. 

Under the MPI framework, objective functions O are defined as the weighted 
average 



5> v v v 




v 



where If is the user-defined weight of variable v. For each variable v considered, 
the variable score V, is computed as a weighted average of the scores T of each 
test t performed: 
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where W represents the user-defined weight (relative importance) of test t. All 
tests are designed in a way to yield values between 0 (worst case) to 1 (perfect 
agreement with the hypothesis). So 0-1 is also the range of the variable score and 
the total score, which is desirable for standardization and ease of interpretation. 

We designed the tests to respond in a similar, approximately linear fashion to 
an increase in absolute distance from the optimum parameter combination, which 
is desirable for ease of understanding and efficiency in automated parameter 
search. For this reason, the weighted average combination algorithm was consid- 
ered the most appropriate. The choice of different weighting and combining algo- 
rithms is relevant (Sorooshian et al., 1983), particularly if the measure is used in 
automated parameter search. The comparative efficiency of other averaging 
methods in automated search is investigated. 

Table 4.1 lists the tests that are included in the current MPI software package 
developed by Villa (1997). MPI tests can be subdivided in categories. The fol- 
lowing descriptions detail how the tests are computed. Full details about the test 
computation and available options are given by Villa (1997) and are available on 
the Internet. 

Boundaries Tests. These tests check for a variables value being constrained be- 
tween specified boundaries. The BOUNDS test returns the proportion of points 
lying between user-specified boundaries. The CINT test does the same but cal- 
culates the boundaries as the 95% (or otherwise specified) confidence interval 
of some reference data. The WBOUNDS and WCINT tests are “weighted” 
versions of the same tests; farther outliers have a proportionally higher contri- 
bution to the decrease of the tests’ value. Weighting parameters allow one to 
influence the resolution of the tests by allowing more or less distant outliers to 
contribute to the result. 

MSQ-Based Measures. These tests return values based on the mean squares of the 
distance between pairs of points. One useful test is based on Theil’s (1961) in- 
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Table 4.1. Available variable tests in the MPI software package 
Test Description 



BOUNDS 

WBOUNDS 

CINT 

WCINT 

THEIL 

DBK 

STEADY 

INCREASE 

DECREASE 

TREND 

FREQ 



ERRCOMP 



Percentage of points falling into a reference interval 

Like BOUNDS, weighted according to distance of outliers from nearest limit o 
interval 

Proportion of points falling into 95% confidence interval of reference data 
Like CINT, weighted according to distance of outliers 
TheiP s (1961) coefficient of inequality between paired data 
Results of simultaneous tests of slope = 1 , intercept = 0 in linear regression of 
observed verses simulated data, according to Dent and Blackie (1979) 

Steady state, done as piecewise linear regression and test of slopes 
Monotonic increase, done as piecewise linear regression and test of slopes 
Monotonic decrease, done as piecewise linear regression and test of slopes 
Known trend, intended as slope of linear regression line 
Compares the structure of autocorrelation of simulated and observed data to 
identify common frequencies of oscillation, or looks for specified periods in the 
simulated data 

Concordance between the simulated data error composition and specified 
admissible percentages of mean, variance, and random error 



equality coefficient, transformed to give the expected response. Other mea- 
sures include the mean squared error and Pearson’s correlation coefficient. We 
are working on additional tests that are better suited to cases when the uncer- 
tainty model is not Gaussian or when the presence of dominant outliers re- 
quires more robust estimators. These include the least absolute value and the 
minimax criterion (Tarantola, 1987). 

Regression-Based Significance Tests. Four tests are used to check for trends in the 
data or part of them. Due to the “threshold” nature of statistical significance 
tests, most tests in this family have a binary response; nevertheless, a measure 
of the distance from the intended objectives (which is better suited to automatic 
parameter search) is possible in some cases (e.g., as the appropriately scaled 
distance from the slope of the observed regression line to the expected). The 
correct test for statistical adherence of two data series is the simultaneous tests 
of slope = 1, intercept = 0 in the regression of observed versus model data, ac- 
cording to Dent and Blackie (1979). This is done by the DBK test. In all re- 
gression tests, parameters allow one to change the significance levels and the 
response over the 0-1 interval when available. 

Correlation Tests. The FREQ test calculates a periodogram for both the reference 
and model data and detects any significant peaks. The test result is calculated 
according to the number of common peaks, their importance, and their relative 
distances. This has proved to have more discerning power and better response 
over the range of values than tests based on cross-correlation of the time series 
or coherence. When no significant periodicity is shown in the reference data, 
the test weight is set to 0. Parameters allow one to influence the sensitivity of 
the result (e.g., allowing a result greater than 0 when the most significant peaks 
correspond to periods within a specified distance). Correlation tests, which 





88 Ferdinando Villa, et al. 



have not yet been defined, will check for cross-correlation constraints between 
two model output variables and for phase differences. 

Error Composition Tests. Issues of data quality are dealt with in two possible 
ways in the formulation of the MPI. The simplest way, not requiring tests, is 
using weights or grades (Costanza et al., 1992) to give less importance to vari- 
ables when the reference data are of poor quality. Another option, applicable 
when the source of error is known, is the ERRCOMP test along with other 
point-by-point tests. The ERRCOMP test score reflects the concordance with a 
specified acceptable composition of the error. The error (i.e., the sum of 
squared differences between paired observed/expected values) can be parti- 
tioned among mean, variance, and random error. The normal, desirable situa- 
tion is that the whole error is random. If the cause of error is known to some ex- 
tent (e.g., the calibration of a remote sensing device, or the heteroskedasticity 
influencing a statistical estimate), the ERRCOMP score can be combined with 
other tests to raise the variable’s score by computing the error components and 
calculating a concordance index between the relative importance of each com- 
ponent and a specified “allowed” partitioning. If, for example, it is expected 
that a bias (systematic error in the mean) can be as high as 10% of the total 
error term, the score computed with 0. 1 bias allowed will be 1 if the bias error 
does not exceed 10% and the random error is not less than 90%, and it will be 
progressively lower if the partitioning shifts toward larger biases. Combining 
this test with, for example, a THEIL test will allow a higher MPI for the vari- 
able if the fit error is caused by known or hypothesized deficiencies in the data. 
The error decomposition is calculated according to Rice and Cochran (1984). 

As mentioned earlier, aggregation algorithms other than the weighted average 
can be employed and are likely to have a major impact on the index application. 
Nonlinear combinations, which give proportionally more importance to low or 
high values, can be chosen. According to the index application, different formu- 
lations can prove useful. As an example, Storie’s index (Storie, 1976) could be a 
basis for a more conservative measure, which only gives high values for very 
good agreement between model and hypotheses. This might be useful, for exam- 
ple, in enumerative search of the parameter space to better discriminate the areas 
where the model’s good response is of utmost importance. The linear weighted- 
average algorithm is the most intuitive and helps keeping the single tests’ approx- 
imately linear response as a function of distance from optimum, which was one of 
our goals in developing the MPI. 

We have developed a model-independent, user-friendly software package to 
define and calculate a MPI that suits any specific modeler goals (Villa, 1997). The 
software, which allows the use of missing data and has extensive reporting facili- 
ties, is available at no charge from Villa to nonprofit educational and research 
organizations. 

A measure like the MPI has a natural application in the standardized reporting of 
results. For this, the separate MPI scores of all the model variables are more inter- 
esting than the global MPI, whose value depends on the number of variables. To 
use the MPI objectively in report and review, the formulation must adhere to strictly 
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standardized guidelines. We are developing reference documentation with indica- 
tions of guidelines for the use of the MPI in objective description of model results. 

The MPI formalism and software is a tool for building standardizable, intu- 
itively understandable objective functions, which embody semiquantitative and 
qualitative knowledge. Most of the currently available optimization techniques 
can work with the MPI, from simple trial and error to the most advanced evolu- 
tionary optimization algorithms. 



4.5 Example Applications 

To illustrate the MPI in conjunction with some of the above-described tech- 
niques, we describe two sets of experiments involving process-based ecosystem 
models of different complexity. The first set of experiments analyses the effects 
of increasing complexity on the outcome of model calibration in a relatively sim- 
ple ecosystem model. An algorithmic analog of the “eycballing” process is com- 
pared to more sophisticated techniques to provide an estimate of the chances of 
trial and error calibration. In the second set of experiments, we show how the use 
of different MPI-based objective functions can reveal the structure of the model 
response surface and can guide further calibration experiments in the analysis of 
a very complex model. 



4.5.1 Effects of Increasing Model Complexity on the 
Predictability of Model Response 

We have analyzed a set of models, based on the same general ecosystem model, 
calibrated using different numbers of parameters to evaluate the response to a 
change in the model complexity. In these example experiments, we have used 
three different techniques to characterize the models’ response surface using a 
simple MPI-based objective function: ( 1 ) we performed a Monte Carlo enumera- 
tive search of the parameter space to generate a picture of the response surface 
and intuitively evaluate its complexity; (2) we wrote a program simulating the 
trial-and-error procedure, which is usually followed by a human experimenter 
and used it to explore the parameter space starting at different, randomly chosen 
locations; (3) we used a state-of-the-art genetic algorithm to look for global op- 
tima in the response surface. We used a four-state-variable generalized model of 
an ecosystem, which was originally developed in STELLA II (HPS, 1995) as a 
class exercise in an ecosystem modeling course at the University of Maryland. 
The STELLA diagram is shown in Figure 4.1. The model four state variables 
are (1) producers biomass, (2) herbivores biomass, (3) consumers biomass, and 
(4) nutrients concentration. The model has a total of 1 1 parameters plus 4 initial 
conditions. 

We selected a combination of the 1 1 parameters, which produced intuitively 
reasonable dynamics for the state variables, and ran the model for 200 time steps 
to generate reference time series for each state variable. These were used as cali- 
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Exercise 4: Calibrate a Model 

The goal of this excersise Is to calibrate the model to match as 
closely as possible the data given for Primary Producers, 
Herbivores, Carnlvors, and Nutrients. Do this by changing only 
the parameters in the model and the inital conditions. Don't 
change the model structure. In this made-up example, there is a 
right answer - in other words, there is a set of parameter values 
that will give you an exact match to the data. See if you can find 
them 1 1 

o o o o 

Primary Prod Data Herbtvora Data Camvore Data Nutrient Data 




Table 1 




Graph 1 







Figure 4. 1 . STELLA diagram of the ecosystem model used in the experiments, as dis- 
tributed to students during a “manual” calibration study. 



bration data to define an MPI-based objective function using THEIL tests. This 
provided the model with a “target” point where the objective function is equal to 
1. We performed six sets of calibration experiments involving a Monte Carlo 
enumerative search, simulated trial-and-error search experiments, and genetic al- 
gorithms optimization, considering in each set an increasing number of parame- 
ters from two to seven, with a parameter search subspace defined by the 75% con- 
fidence intervals around the target values. The parameters that were not varied 
were fixed at the target value previously chosen. Each simulation was run for 200 
time steps and the MPI based on THEIL comparison tests for all variables was 
recorded along with the parameter values that generated it. 

The Monte Carlo enumerative search was performed by randomly selecting pa- 
rameter combinations using a uniform random distribution of each parameter and 
calculating 10,000 points of the response surface for each set of experiments. An 
“adaptive” search algorithm was developed to simulate the trial-and-error process 
followed by a human experimenter. Figure 4.2 shows how the algorithm seeks the 
best points by starting from an initial “guess,” considering all parameters in turn, 
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Figure 4.2. Flowchart of the simulated trial-and-error search algorithm. All parameters 
are considered in turn, evaluating the sensitivity of the whole-model MPI to each one with 
test experiments, then investigating the parameter’s effect around the initial guess with 
successive simulations using a set of values decided considering the results of the sensitiv- 
ity test. A parameter change is accepted when the net effect of its change on the MPI is 
positive and greater than a threshold set by the experimenter. The role of the threshold is 
that of avoiding large deviations from maximum likelihood estimates of parameters for a 
small improvement in the MPI. When a parameter value is accepted, the weight of the 
variables, which have shown an improvement, is increased proportionally to the amount of 
improvement obtained, up to a maximum of twice the initial value. This prevents the “trad- 
ing off’ of a good fit for many small improvements, and it simulates the experimenter's 
greater attention to the best fitting variables. In such a scheme, both the initial starting 
point and the order in which parameters are considered are relevant to the outcome of the 
search process, unless the response surface is extremely simple. 
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evaluating the sensitivity of the whole-model MPI to each one with test experi- 
ments, then investigating the parameter effect around the initial guess, with suc- 
cessive simulations using a set of values decided considering the results of the sen- 
sitivity test. We performed 100 searches for each set of experiments, randomly 
selecting the starting point in the search space and the order of the parameters. 

The evolutionary optimizations were performed using software developed in 
MATLAB by Houck and collaborators. The algorithm is optimized for real-number 
“genomes” and has proved its efficiency in a variety of situations (Houck et al., 
1996). We used a population size of 100 and performed 100 optimization runs for 
each set of experiments, with different random generator seeds for the stochastic 
processes of initialization, mutation, and selection of the populations. Each opti- 
mization run was stopped when the population fitness distribution was invariant 
for more than 10 generations. 

To make sure that the number of parameters was representative as a measure of 
model complexity, we ran pilot experiments to select parameters that had a sig- 
nificant influence on the MPI. This was verified a posteriori by performing multi- 
ple regressions of the total MPI and the single-variable MPI versus the parameter 
values after each set of Monte Carlo simulations. In all cases, the regression coef- 
ficients were significant for all parameters to a probability higher than 0.99. This 
ensured that the properties observed could be attributed to the increased com- 
plexity of the model, excluding the possibility of effects due to large differences 
in sensitivity to parameter change. 

We recorded parameter values and the correspondent MPI during the Monte 
Carlo experiments, at the start and the end of the search experiments and at the 
end of genetic algorithm experiments. Then, to synthetically illustrate the results 
on the response surface, we calculated the principal components of the spaces 
identified by all of the parameters considered in each set of Monte Carlo and 
search experiments. In the following, we have used the hist two principal compo- 
nents to draw two-dimensional representations of the parameter space retaining 
the maximum resemblance to the full-dimensional space. This representation, al- 
though not ideal, is the closest we can get to a meaningful visualization of the re- 
sponse surface, maximizing the chance of discerning the areas of optimum re- 
sponse (Kuczera, 1990). Principal components were performed on normalized 
parameter values for all cases except the two-parameter one. The first two com- 
ponents explained at least 47% of the total variance in all cases. In the two- 
parameter case, we used the normalized parameter values directly. 

Figure 4.3 shows (a) the maximum MPI value obtained and (b) the proportion 
of “good” (MPI > 0.9) calibration points obtained with each technique, as a func- 
tion of the number of parameters considered. None of the methods was able to 
identify the exact target of the calibration, with MPI = 1, except the genetic algo- 
rithm in the two-parameter case. As expected, the final values were nevertheless 
very near the target in all cases with the genetic algorithm and in a good propor- 
tion of cases with the adaptive search method. The maximum MPI encountered in 
the Monte Carlo experiments shows a sharp decrease after the case with six param- 
eters, which can be considered a complexity threshold to effectively use Monte 
Carlo enumerative techniques to calibrate this model. 
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Figure 4.3. (a) Highest MPI value found and (b) percentage of final MPI values greater 

than 0.9 in different optimization experiments, as a function of the number of parameters 
considered. 



In our simulated trial-and-error calibrations, the average number of runs re- 
quired to complete a search cycle varied from 80.28 in the two-parameter case to 
392.16 with seven parameters. This, combined with the proportion of successful 
search runs in Figure 4.3b, gives an idea of the effort required of a human exper- 
imenter to pursue the successful calibration of a similar model by trial and error. 
Figure 4.4 shows in the principal-component space the starting and final point 
of each calibration run, connected by lines, in the two-, three-, four-, and seven- 
parameter cases (the five- and six-parameter cases confirm the patterns shown by 
this most informative subset). The simple response surface in the two-parameter 
case makes trial and error a suitable calibration method. However, from the three- 
parameter case on, local maxima are encountered which are more and more scat- 
tered across the parameter space. It is interesting to note how, in this model, it is 
not the proportion of nonoptimal local maxima of the objective function that 
changes with the complexity of the model, but the apparent randomness of their 
scattering across the parameter space. 

Drawing interpolated response surfaces from objective function values ob- 
tained through Monte Carlo experiments has been a common way to tackle the 
calibration process more systematically than through the dominating process of 
trial and error, in disciplines like hydrology (Kuczera, 1990; Beven and Binkley, 
1992). Figure 4.5 shows the same cases illustrated in Figure 4.4. The surface is 
obtained by linear interpolation of the gridded results. The principle-components 
analysis (PCA) rotation matrix obtained with the Monte Carlo experiments is 
then used to determine the corresponding coordinates of the 10 highest points 
reached using the 3 calibration techniques used and of the target point. 
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Figure 4.4. Simplified representation of the trajectories followed in the simulated trial- 
and-error experiment with two, three, four, and seven parameters. The arrows start at the 
coordinates of the starting point in the parameter space and end at the end point of each 
search. Solid circles show the final points where the MPI was higher than 0.95; open cir- 
cles show MPI values higher than 0.99. The plots are drawn in the first two coordinates of 
the principal-component transformation of the normalized parameter values encountered 
during the search runs in each experiment. 



As seen previously, the two-parameter case shows a very simple, predictable 
response surface, where all of the model estimates and the target point lie near 
each other in the area corresponding to the maximum MPI. As the complexity of 
the models increase, the predictive value of the interpolated response surface de- 
creases, with areas of apparently high MPI showing up far from the target point. 
Looking at the points found in the simulated trial-and-error experiments (all with 
a MPI higher than 0.95), it is apparent how the increasing complexity of the re- 
sponse surface accounts for good solutions progressively farther away from the 
target parameters; in the seven-parameter case, a single point with a MPI higher 
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Figure 4.5. Interpolated response surfaces obtained using the results of the Monte Carlo 
experiments in the two-, three-, four-, and seven-parameter cases. The axes are the first 
two principal components of the parameter space as explained in the text. A diamond 
shows the position of the target point, squares show the 10 highest points obtained in 
Monte Carlo experiments, triangles show the highest 10 found by simulated trial and error, 
and hexagons (visible only in the seven-parameter case) show the location of the 10 best 
estimates obtained with the genetic algorithm. In all cases except the last one, all of the ge- 
netic algorithm estimates are very near the target point and are not drawn for clarity. In the 
two-parameter case, all points lie within the area occupied by the symbol shown. 



than 0.99 shows up in a totally distinct area. The genetic algorithm proves its rep- 
utation of being able to identify the global optimum only up to the six-parameter 
case. In the seven-parameter case, as shown in Figure 4.5, optima with a MPI 
higher than 0.99 show up in unexpected areas of the parameter space. The 
“white” areas in the interpolated response surface, where one would expect to 
find the highest MPI values, are often far from both the global optimum and the 





96 Ferdinando Villa, et al. 



highest MPI values found by the different techniques. This makes this widely 
used representation of the response surface almost entirely useless; it can only be 
considered useful to convey a general idea of a model complexity. This has been 
pointed out as a possibly general characteristic of large nonlinear models (Beven 
and Binkley, 1992; Spear, 1997) and has important implications, as discussed in 
Section 4.5.2, in practical applications where the locations and objective function 
values of the actual optima are not known in advance. 

4.5.2 Use of Different MPIs in Complex Models 

The Patuxent Landscape Model (PLM), also described in Chapter 8, is a spatially 
explicit, multidisciplinary project including hydrological, ecological, and eco- 
nomic processes. Although the ultimate formulation of the model is spatially ex- 
plicit and modular (as described in Chapters 3 and 8), the calibration described 
here concerns one of the early versions of the nonspatial but quite complex 
single-cell “unit” model. It describes the ecological component of the PLM that 
was based on the General Ecosystem Model (GEM) (Fitz et al., 1996), with 27 
state variables and 39 parameters (Pat-GEM). This subsection is intended as an 
example of the use of different MPI-based objective functions for the same 
model; it is not a description of the full calibration of the PLM. For the calibration 
of the whole PLM we rely on a combination of genetic algorithms and determin- 
istic search, using a variety of MPI formulations for each of its different compo- 
nents, in combination with hierarchical trial-and-error procedures. 

For the calibration of the Pat-GEM, we identify two strategies and the corre- 
sponding MPI-based objective function. A function called B (from “boundaries”) 
employs information about the expected dynamic behavior of the variables. 
Boundaries are specified for all variable and checked with the WBOUNDS test 
(Table 4.1); seasonal periodicity is evaluated with the FREQ test for all variables 
known to have seasonal dynamics. Conditions of steady state are checked simi- 
larly. The F (from “fit”) objective function is a higher-resolution version of B, 
using a THEIL test on all variables for which time series were available. Using 
different but related calibration strategies allows one to investigate the effect of 
changing the calibration criteria on the resulting parameter sets. 

We ran 100 deterministic searches of the parameter space with each objective 
function, using a modified version of the Nelder and Mead (1965) algorithm. The 
search algorithm was interfaced to the Spatial Modeling Environment (SME) 
(Maxwell and Costanza, 1997), which was used to compile and run the model 
(originally developed in STELLA) as an independent UNIX program. Data were 
analyzed and plots automatically produced using S and TCL scripts. 

The search cycles tried about 18,000 different points in the parameter space. 
No two search cycles ended at exactly the same parameter combination with ei- 
ther calibration. The “boundaries” calibration yielded more consistently high val- 
ues, whereas most of the points in the data calibration yielded significantly lower 
objective function values than the maximum reached. This is partly due to the less 
stringent criteria used in B. In both cases, parameter combinations yielding the 
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highest MPI values constitute a small fraction of the result. Each set of search end 
points in the parameter space constitutes a different characterization of the re- 
sponse surface, which reflects the regularities, which can be obtained by trying to 
meet a particular calibration objective. The predictability of the response surface 
is certainly an element involved in the assessment of model value. Using different 
MPI formulations in calibration experiments allows one to evaluate the benefit in 
aspects like adding new calibration data. 

The highest MPI values obtained during the first set of experiments were 0.294 
for the F calibration and 0.599 for the B calibration. Although not satisfying in 
themselves, they were much higher than any value obtained through “eye- 
balling”; the MPI for the starting point, obtained by literature analysis and previ- 
ous calibration experiments, was 0.054 with the F calibration and 0.112 with B. 
Detailed results for the best points attained in the two calibration experiments are 
summarized in Figure 4.6. 

An indication of the complexity of the response surface and its degree of pre- 
dictability can be obtained by plotting the difference in the MPI between any two 
points tested in the search cycles against the corresponding mean Euclidean dis- 
tance in the parameter space, after normalization of the parameter values. Such 
plots reflect any systematic pattern, showing how predictable the relationship be- 
tween parameter change and model performance is. The plots in Figure 4.7, ob- 
tained with random samples of the tested points in the parameter space, indicate a 
complex response surface where the distance traveled in the parameter space does 
not predict the distance in the MPI attained. In the F calibration, high differences 
in the MPI are only attained with high distances in the parameter space; the re- 
maining part of the plot, however, shows a complete lack of pattern. 

Because there is little or no apparent relationship between distance in parame- 
ters and distance in outcome, no inference can be justified about the nonsampled 
points in the parameter space. Most likely, a response surface drawn through an 
exhaustive Monte Carlo test would be of no use in a case like this. In our “fit” cal- 
ibration case, high differences in the MPI are never obtained with small distances 
in the parameter space. 

A graphical depiction of the response surface can be obtained efficiently in or- 
dination planes, using the parameter values as observations. Figure 4.8 shows the 
results of a PCA performed on the end points of both calibrations. As the figure 
shows, the two search strategies lead, in most cases, to divergent parameter com- 
binations; the points for each calibration experiment cluster together in separate 
regions of the parameter space. Due to the common points in the definition of the 
MPI for the two cases analyzed, it is not surprising that high MPI values (large 
dots) are predominantly found around the narrow overlap area. Nevertheless, the 
separation of the points clearly highlights the importance of selecting the calibra- 
tion criteria properly. Even strategies which have much in common, as in our 
case, are very likely to diverge, making the task of recalibrating after adding data 
prohibitively difficult. 

During each search cycle, all of the parameter combinations which produced a 
score change in any of the variables were recorded. At the end of each run, multi- 
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Figure 4.6. Summary of calibration results for the best search cycles in the two calibration experiments. The bar 
length is proportional to the MPI score for the variable indicated where its score is greater than 0. The gray bar 
shows the MPI value at the beginning of the search cycle. 
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Figure 4.7. Plots of the Euclidean distance between normalized parameter values and 
the corresponding distance in the MPI, based on the results of “fit” (F) and “boundaries” 
(B) calibration experiments. 



pie polynomial regressions of degree 2 were automatically carried out for each 
variable’s score versus parameter values, using S-language scripts generated by 
the search program. The choice of the regression model comes from the 
“humped” nature of the response of each variable’s score to a linear change in a 
single parameter. The results of the regressions allowed us to generate a useful 
plot to check the effects of parameter changes and inform refinements of the 
search strategy. 

The sensitivity of the variables’ scores to changes in parameters is dependent 
on the parameterization of the model, so no general conclusion can be drawn 
about the effect of parameter change. However, knowing the proportion of cases 
in which a significant effect of the change in score has been caused by a change in 
one or more parameters is obviously important to the investigator. The plot 
shown in Figure 4.9 (the “influence” plot) shows this proportion for both single- 
parameter effects and two-way interactions. The effect of each parameter is de- 
tailed for each single variable. As the plot shows, most effects are significant only 
in a minority of cases, which further demonstrates the complex nature of the 
model response. However, some parameters seem to influence the variables’ 
MPIs in most cases. With the help of an influence plot based on a significant num- 
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PCI PC3 

Figure 4.8. Ordination plot showing the final point of both the B (circle) and F (triangle) 
calibration experiment in the principal-component planes calculated using the parameter 
values selected in each search cycle as variables. Point size is proportional to the MPI at- 
tained. Black points mark the highest values reached. The black diamond indicates the 
starting point for all runs. 



ber of evaluations of the objective functions, the experimenter can check at a 
glance whether a change in a parameter is likely to improve the score for a vari- 
able, which other variables are likely to be involved, and which other parameters 
are likely to be involved in the effect. 

Interactive dynamic data visualization techniques can be used effectively dur- 
ing the exploration to further investigate the effect of particular parameters. In our 
case, such an analysis has allowed us to reach a much deeper knowledge of the 
model. The value of a similar analysis is especially high in the initial phases of 
model development: The information obtained about the change in model re- 
sponse complexity with changes in model structure constitute a precious indica- 
tion in identifying the best model formulation for the intended purposes. In pre- 
dictive models, the ease of recalibration to changing scenarios or after acquisition 
of new data is an important component of model value. Being able to quantify 
these variables during model development constitutes a fundamental asset for the 
modeler. 
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Figure 4.9. Portion of the influence plot for the F calibration experiments. Each box con- 
tains a bar plot summarizing the proportion of significant effects found for a particular pa- 
rameter P or parameter interactions on each variable's MPI. The length of each bar is pro- 
portional to the number of search cycles where regression of the variable’s MPI versus. P 
has been significant at the 95% confidence level. Diagonal elements show single-parameter 
effects; subdiagonal elements show two-way interaction effects between parameters. The 
plot has been generated with data coming from the F calibration experiments. 
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Figure 4.10. (a) Locations of monitoring stations for measured stage heights and 

(b) Total Phosphorus (TP) (and other water quality parameters) within the greater Ever- 
glades region. See Chapter 6 for a further description of the region. 



4.6 Spatial Calibrations 

A full calibration of a raster-based spatially explicit model would assume that the 
above-described algorithms would be applied for each individual cell over the 
whole study area considered in the model. Generally, this is prohibitive for two 
main reasons: 

1. The complexity of the task is immense, To watch the dynamics of each indi- 
vidual cell and fit it to the dataset would require a tremendous computational 
effort that is hardly possible even for modern supercomputers. 

2. There are simply no datasets of resolution and scope that would match the re- 
quirements of such an exercise. 

Therefore, in most of the calibrations of spatial models, we still have to rely 
heavily on the trial-and-error approach which incorporates the researchers previ- 
ous modeling experience and intuition into the process of parameter identifica- 
tion. In addition, we usually have to wrap up the spatial dynamics into some 
meaningful local indicators that indirectly account for spatial processes. 

For example, when modeling hydrology (e.g., see Chapters 6 and 8), we do not 
have the data about surface water in each individual cell throughout the study 
area. What is available are time series of water flows or stages measured at a 
number of gauging points, such as those used in monitoring depths in the Ever- 
glades (Fig. 4.10). At these same points or at other locations, we may have the 
data for water quality also (say, the concentration of nutrients and sediment). We 
will then run the spatial model and compare our results for surface water dynam- 
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ics only at these points on the landscape and will assume that the model performs 
well enough as long as we can match the model results and the observed time se- 
ries well enough. Certainly, when doing that, we implicitly take into account the 
spatial dynamics, because, in some cases, we are looking at gauges located well 
downstream of inflow points or rivers and creeks and, therefore, affected by the 
flows generated by numerous upstream cells. However, it is also clear that cali- 
brating for only these time series, we must make numerous assumptions regard- 
ing the dynamics in all the other cells that are not directly monitored and repre- 
sented by data. 

4.6.1 The Patuxent Case Study 

The full PLM (as described in Chapter 8) describes temporal dynamics of the 
Patuxent watershed in terms of some 14 state variables over the area of 2352 km 2 . 
The 1 X 1-km resolution is probably the coarsest we can use, because even at this 
resolution, we are aggregating much of spatial variability in land use. Calibrating 
a model of this level of complexity and resolution as a whole is difficult, and a 
stage-by-stage approach is most fruitful. As described in Chapter 3, we applied a 
multitier calibration method (Fig. 3.8). The calibration of the full model was 
achieved in a stepwise process that assumed decoupling in two dimensions: 

• Structurewise. We were considering subsets of model variables, organized 

into simpler models describing certain functional parts of the system. 

• Resolutionwise. We were considering several spatial subsets presenting sub- 
watersheds at several different resolutions. 

We started with the calibration of individual modules, pieces of the model that 
could be separated from the rest of the model structure and analyzed under the as- 
sumption that the rest of the system is independent and is either at quasi-steady- 
state or can be presented in terms of external forcing functions. The obvious ben- 
efit of this was a much simpler model to calibrate at each step. It is also clear that 
the aggregate of several modules does not necessarily behave similarly to the in- 
dividual modules taken separately. Therefore, recalibration was needed every 
time we went from simple individual modules to their combinations, both locally 
and spatially. However, it was always much easier to fine-tune the already per- 
forming modules than to do a full-scale calibration of the full model in its overall 
complexity. 

We also identified two resolutions to run the model: the 200 X 200 m and the 1 
X 1 km. On the one hand, the 200-m resolution was more appropriate to capture 
some of the intrinsic processes associated with land use change. On the other 
hand, it was certainly too detailed and required too much CPU time to perform 
the numerous model runs required for calibration and to run the full model over 
decades, which is essential for scenario analysis. At the 1-km resolution, the 
58,905 cells of the 200-m version were replaced by 2352 cells. 

Second, we identified a hierarchy of subwatersheds. The whole Patuxent area 
has been split into a hierarchy of nested subwatersheds to perform analysis at 
smaller scales. Three levels have been identified (Fig. 8.5 of Chapter 8). A small 
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Figure 4.1 1. Comparisons of model output generated at a 1-km resolution and a 200-m 
resolution. 

sub watershed (Cattail Creek) to the north of the Patuxent drainage basin had been 
chosen as a starting point for our spatial analysis. From there, we moved to the 
upper portion of the Patuxent watershed that included approximately half of the 
area and ended at Bowie Creek. Finally, we looked at the whole Patuxent water- 
shed. Thus, we started with running the model over 566 cells, then jumped to 
23,484 cells, then went back to 2352 cells for the full Patuxent watershed at 1-km 
resolution, and, finally, moved to all of the 58,905 cells at the 200-m resolution. 

It was interesting to learn that switching from a 200-m to a 1-km cell resolu- 
tion, model runs were remarkably close (Fig. 4.11). This finding was especially 
promising for analysis of the other modules of the full ecological economic 
model. Because most of the horizontal spatial dynamics is stipulated by the hy- 
drologic fluxes, we can expect that the coarser 1-km resolution would be suffi- 
cient for the spatial analysis of the integrated model of the watershed. 

The correlation between the model results at two resolutions turned out to be 
even higher than the correlation between some of the datasets involved. For ex- 
ample, in Table 4.2, we present the comparison of the model correlations with the 
corresponding correlations between the elevation and slope maps considered for 
the 200-m and 1-km resolutions. Two methods of aggregation from 200 m to 1 
km were explored. One is the Average method (A), in which the aggregate value 
in the 1-km grid is defined by the average of the 25 individual values in the 
200-m cells. The other — the Majority method (M) — takes the most frequently oc- 
curring value as the aggregate value. Both aggregation methods produce certain 
error. The A method works slightly better for the Elevation coverage, whereas the 
M method gives less error for the Slope coverage. Flowever, for both methods, 
the slope layers were very poorly correlated. Naturally, the model performed dif- 
ferently on the 200-m and the aggregated 1-km datasets. However, for both ag- 
gregation methods, the model performance on the aggregated 1-km maps corre- 
lated even better to the 200-m model than the 1-km spatial dataset correlated to 
the original 200-m data. 
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Table 4.2. Correlations among flows, elevation, and slopes at 200-rn and 1-km 
resolutions. 



Map 1 


Map 2 


Average 

Method 


Map 

Correlation 


Model 

Correlation 


Elevation, 200 m 


Elevation, 1 km 


Majority 


0.921 


0.922 


Slope, 200 m 


Slope, 1 km 


Majority 


0.25 




Elevation, 200 m 


Elevation, 1 km 


Average 


0.926 


0.935 


Slope, 200 m 


Slope, 1 km 


Average 


0.23 




Elevation, 1 km 


Elevation, 1 km (Majority) 


0.996 




(Average) 










Slope, 1 km 


Slope, 1 km (Majority) 




0.725 




(Average) 











The comparison of flows at gauging stations is a convenient way to look at the 
model output and calibrate and analyze the model’s performance. It integrates 
much two-dimensional spatial information in a normalized one-dimensional pic- 
ture. Another way to view the output of a spatial model, which is especially im- 
portant for localizing potential accumulations of water and other spatial inconsis- 
tencies, is to output the model variables as a series of maps, which can be then 
compiled into graphic animations. However, although creating some powerful vi- 
sual presentations, we need to remember that there are rarely datasets available 
with which to compare this kind of spatial dynamics. 

4.6.2 The Everglades Case Study 

In a manner somewhat analogous to the PLM calibration, we have developed and 
refined the performance of the Everglades Landscape Model (ELMv2.1a) at sev- 
eral hierarchies of spatial resolution and extent. As is described in Chapter 6, we 
evaluated the performance of the ELM at the “unit” model level, at a fine-scale 
subregional level where high quality spatio-temporal data were available and at 
the “coarse” regional scale of 1-km 2 grid cells. The MPI formalism has not yet 
been employed in this process, but it will be useful in the ongoing refinement of 
the model. 

An overall objective of the ELM is to understand and predict relative habitat 
changes under different water management scenarios for Everglades restoration 
planning (USACE and SFWMD, 1998). Toward this end, two important drivers 
of Everglades landscape attributes are water flows/depths and water quality. In 
order to communicate the level of “skill” of the model in matching observed dy- 
namics of these landscape drivers at regional scales, we present a range of spatial 
and temporal analyses of the model predictions relative to observed data. 

For general performance assessments, summary statistics including bias and 
root-mean-square error (RMSE) were used to assess the model calibration for 
predictive bias and accuracy. For the stage heights, the overall mean bias and 
RMSE for all monitoring stations were 6 cm and 23 cm, respectively, for predic- 
tions relative to observations (Table 4.3). Another simulation tool for Everglades 
hydrology is the South Florida Water Management Model (SFWMM) (HSM, 
1999). This model simulates the complex management rules in the larger domain 




Table 4.3. Stage summary statistics. 


OBS" 




ELM versus OBS 






WMM versus OBS 


(n) 

Location 


Bias 

( m ) 


RMSE 

R 2 ( m ) EFF 


U 2 


Bias 

( m ) 


RMSE 

R 2 ( m ) EFF U 2 



1-7 


416 


0.06 


0.73 


0.16 


0.33 


0.001 


0.00 


0.71 


0.15 


0.44 


0.001 


1 - 8T 


368 


0.04 


0.67 


0.23 


0.06 


0.002 


0.11 


0.73 


0.19 


0.35 


0.001 


1-9 


413 


0.00 


0.72 


0.15 


0.50 


0.001 


0.08 


0.72 


0.17 


0.35 


0.001 


2A-159 


162 


- 0.05 


0.63 


0.22 


0.51 


0.003 


- 0.06 


0.60 


0.22 


0.52 


0.003 


2A-17 


816 


- 0.04 


0.65 


0.24 


0.43 


0.004 


- 0.06 


0.76 


0.18 


0.69 


0.002 


2A-300 


662 


- 0.05 


0.56 


0.23 


0.46 


0.004 


- 0.06 


0.70 


0.20 


0.63 


0.003 


3 - 34 * 


131 


- 0.09 


0.84 


0.16 


- 1.70 


0.000 


- 0.12 


0.51 


0.19 


- 0.68 


0.000 


3 - 69 * 


200 


0.52 


0.86 


0.52 


- 10.02 


0.004 


0.49 


0.84 


0.50 


- 3.88 


0.003 


3-71 


204 


- 0.09 


0.68 


0.14 


0.35 


0.004 


- 0.03 


0.34 


0.15 


0.31 


0.004 


3-76 


198 


- 0.07 


0.66 


0.12 


0.46 


0.003 


- 0.08 


0.23 


0.19 


- 0.37 


0.007 


3 A - 10 * 


735 


0.06 


0.64 


0.34 


0.51 


0.001 


0.00 


0.61 


0.19 


0.61 


0.000 


3 A- 11 


695 


- 0.24 


0.78 


0.34 


- 1.25 


0.011 


- 0.22 


0.74 


0.27 


- 0.42 


0.007 


3A-12 


769 


0.10 


0.66 


0.25 


0.25 


0.006 


0.04 


0.62 


0.20 


0.51 


0.004 


3A-2 


429 


0.06 


0.59 


0.26 


0.53 


0.006 


0.02 


0.58 


0.25 


0.57 


0.006 


3A-28 


755 


0.29 


0.83 


0.31 


- 0.19 


0.010 


0.02 


0.84 


0.13 


0.78 


0.002 


3A-3 


616 


0.16 


0.87 


0.22 


0.68 


0.005 


0.12 


0.84 


0.20 


0.74 


0.004 


3A-4 


609 


0.10 


0.84 


0.17 


0.75 


0.003 


0.01 


0.85 


0.13 


0.84 


0.002 


3A - 9 * 


662 


- 0.02 


0.83 


0.16 


0.82 


0.000 


- 0.07 


0.82 


0.16 


0.78 


0.000 


3A-NE 


762 


0.07 


0.68 


0.25 


0.59 


0.006 


0.07 


0.52 


0.28 


0.48 


0.007 


3A-NW 


779 


- 0.07 


0.63 


0.25 


0.38 


0.005 


- 0.02 


0.64 


0.20 


0.62 


0.003 


3A-S 


615 


0.01 


0.85 


0.20 


0.44 


0.004 


0.03 


0.87 


0.11 


0.81 


0.001 


3A-SW 


643 


0.11 


0.82 


0.17 


0.49 


0.003 


0.02 


0.86 


0.12 


0.74 


0.002 


3B - 2 * 


50 


- 0.23 


0.63 


0.35 


0.18 


0.002 


- 0.07 


0.66 


0.14 


- 0.09 


0.000 


3B-SE 


492 


0.03 


0.56 


0.31 


0.46 


0.022 


0.11 


0.67 


0.26 


0.60 


0.016 


ANGEL * 


559 


0.18 


0.64 


0.31 


0.46 


0.002 


- 0.07 


0.68 


0.20 


0.31 


0.001 


EPI2R * 


256 


- 0.13 


0.68 


0.14 


- 3.26 


0.001 


- 0.05 


0.59 


0.08 


- 0.01 


0.000 


EP9R * 


235 


0.03 


0.69 


0.11 


0.63 


0.000 


0.11 


0.56 


0.14 


- 1.08 


0.000 


EPSW 


389 


- 0.09 


0.77 


0.13 


- 0.38 


0.123 


- 0.03 


0.61 


0.08 


0.46 


0.039 


G1502 


808 


0.11 


0.57 


0.28 


0.39 


0.022 


0.02 


0.69 


0.21 


0.67 


0.013 


G3273 * 


555 


0.15 


0.67 


0.26 


0.39 


0.001 


0.10 


0.81 


0.18 


0.68 


0.001 


G3353 * 


466 


- 0.03 


0.67 


0.18 


0.57 


0.001 


0.02 


0.76 


0.11 


0.71 


0.000 


G618 * 


794 


0.10 


0.60 


0.18 


0.02 


0.000 


0.05 


0.72 


0.13 


0.52 


0.000 


G620 


615 


0.11 


0.80 


0.16 


0.57 


0.006 


0.07 


0.81 


0.12 


0.73 


0.004 


HOLEY 1 


235 


0.23 


0.64 


0.26 


- 0.53 


0.005 


0.06 


0.65 


0.14 


0.57 


0.001 


HOLEY2 


233 


0.19 


0.67 


0.23 


- 0.11 


0.004 


0.00 


0.39 


0.19 


0.31 


0.003 


HOLEYG 


240 


0.24 


0.55 


0.29 


- 1.48 


0.005 


0.09 


0.53 


0.16 


0.20 


0.002 


MonRd * 


140 


0.43 


0.65 


0.49 


- 11.90 


0.004 


0.21 


0.65 


0.30 


0.29 


0.001 


NESRS1 


726 


0.02 


0.48 


0.15 


0.43 


0.005 


- 0.03 


0.51 


0.14 


0.47 


0.005 


NESRS2 


714 


0.09 


0.63 


0.18 


0.39 


0.008 


0.02 


0.65 


0.15 


0.61 


0.005 


NESRS3 


536 


0.07 


0.60 


0.26 


0.29 


0.017 


- 0.03 


0.71 


0.17 


0.70 


0.008 


NP202 * 


751 


- 0.06 


0.81 


0.12 


0.71 


0.000 


- 0.07 


0.84 


0.12 


0.70 


0.000 


NP203 * 


665 


0.00 


0.79 


0.10 


0.77 


0.000 


- 0.04 


0.84 


0.09 


0.78 


0.000 


NP205 


781 


0.05 


0.67 


0.19 


0.64 


0.010 


0.03 


0.72 


0.17 


0.70 


0.008 


NP206 


714 


0.14 


0.57 


0.29 


0.45 


0.028 


0.08 


0.75 


0.21 


0.71 


0.016 


NP207 


100 


- 0.05 


0.79 


0.14 


- 0.35 


0.122 


0.04 


0.61 


0.17 


- 1.06 


0.126 


NP33 


771 


0.04 


0.55 


0.16 


0.42 


0.006 


- 0.05 


0.73 


0.12 


0.67 


0.004 


NP34 


762 


0.10 


0.70 


0.23 


0.29 


0.064 


- 0.06 


0.67 


0.18 


0.56 


0.062 


NP35 


783 


0.19 


0.69 


0.25 


- 0.95 


0.106 


0.13 


0.64 


0.18 


- 0.04 


0.070 


NP36 


785 


0.04 


0.47 


0.18 


0.38 


0.020 


0.01 


0.56 


0.15 


0.55 


0.015 


NP38 


770 


0.08 


0.70 


0.19 


- 0.03 


0.109 


0.04 


0.74 


0.13 


0.56 


0.059 


NP44 


743 


0.34 


0.68 


0.42 


0.07 


0.101 


0.04 


0.80 


0.20 


0.79 


0.035 


NP46 * 


699 


- 0.06 


0.63 


0.17 


0.59 


0.001 


- 0.10 


0.71 


0.17 


0.55 


0.001 


NP62 * 


624 


0.12 


0.72 


0.20 


0.32 


0.001 


- 0.10 


0.76 


0.18 


0.36 


0.001 


NP67 


734 


0.03 


0.71 


0.13 


0.63 


0.037 


- 0.07 


0.80 


0.14 


0.55 


0.060 


NP72 * 


669 


0.37 


0.66 


0.44 


- 0.67 


0.004 


0.03 


0.79 


0.22 


0.78 


0.001 


ROTTS 


395 


0.03 


0.62 


0.15 


0.25 


0.002 


- 0.13 


0.64 


0.20 


- 0.24 


0.003 


RUTZKE 


473 


- 0.12 


0.48 


0.35 


- 1.36 


0.086 


0.08 


0.64 


0.17 


0.47 


0.016 


SHARK 


633 


- 0.02 


0.68 


0.15 


0.64 


0.004 


- 0.02 


0.60 


0.16 


0.58 


0.005 


TAMI40 * 


790 


0.11 


0.55 


0.29 


- 14.55 


0.001 


- 0.10 


0.82 


0.17 


0.60 


0.000 


THSO 


428 


0.05 


0.71 


0.18 


0.59 


0.036 


- 0.14 


0.85 


0.18 


0.60 


0.056 


Mean 


546 


0.06 


0.68 


0.23 


- 0.48 


0.018 


0.01 


0.68 


0.18 


0.35 


0.012 


Max 


816 


0.52 


0.87 


0.52 


0.82 


0.123 


0.49 


0.87 


0.50 


0.84 


0.126 


Min 


50 


- 0.24 


0.47 


0.10 


- 14.55 


0.000 


- 0.22 


0.23 


0.08 


- 3.88 


0.000 



OBS = observation ( s ). 
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Table 4.4. Unweighted total phosporus concentration summary statistics. 



Name 


OBS a 
( n ) 


Bias 


R 2 


RMSE 


EFF 


U 2 


gMean 

DIF 




(mg/L) 




(mg/L) 






(mg/L) 


C123SR84 


54 


-0.007 


0.06 


0.040 


-1.25 


0.62 


-0.011 


CA311 


31 


0.003 


0.04 


0.004 


-2.50 


0.24 


0.003 


CA315 


29 


-0.001 


0.09 


0.004 


-0.71 


0.54 


-0.001 


CA32 


26 


0.000 


0.26 


0.005 


-1.17 


0.44 


0.000 


CA33 


27 


0.024 


0.06 


0.031 


-9.50 


0.57 


0.023 


CA34 


29 


0.001 


0.01 


0.008 


-0.12 


0.59 


0.002 


CA35 


22 


0.021 


0.04 


0.028 


-4.77 


0.59 


0.022 


CA36 


30 


0.022 


0.54 


0.027 


-0.40 


0.24 


0.026 


CA38 


30 


0.002 


0.11 


0.013 


-0.22 


1.24 


0.004 


COOPERTN 


115 


0.000 


0.02 


0.006 


-1.32 


0.28 


-0.001 


EP 


52 


0.001 


0.10 


0.007 


0.03 


0.49 


0.001 


L40-1 


99 


-0.009 


0.13 


0.058 


0.00 


0.68 


-0.009 


L40-2 


101 


-0.027 


0.17 


0.057 


-0.23 


0.66 


-0.031 


L7 


60 


0.012 


0.00 


0.097 


-0.57 


0.92 


0.006 


LOXIO 


17 


0.002 


0.08 


0.011 


-0.28 


0.58 


0.004 


LOX11 


22 


-0.004 


0.03 


0.006 


-1.17 


1.47 


-0.003 


LOX12 


23 


0.013 


0.12 


0.014 


-19.95 


0.48 


0.013 


LOX13 


25 


-0.003 


0.00 


0.006 


-0.54 


0.97 


-0.002 


LOX14 


25 


0.014 


0.08 


0.016 


-18.06 


0.46 


0.014 


LOX15 


25 


0.018 


0.00 


0.023 


-18.50 


0.58 


0.017 


LOX16 


23 


0.016 


0.00 


0.019 


-10.14 


0.52 


0.016 


LOX3 


17 


0.001 


0.11 


0.015 


-0.33 


0.96 


0.004 


LOX4 


16 


0.024 


0.01 


0.027 


-105.73 


0.62 


0.022 


LOX5 


19 


-0.002 


0.19 


0.006 


-0.71 


0.61 


-0.001 


LOX6 


23 


0.005 


0.03 


0.009 


-2.69 


0.39 


0.005 


LOX7 


23 


0.002 


0.09 


0.005 


-2.41 


0.21 


0.002 


LOX8 


23 


-0.002 


0.06 


0.005 


-0.73 


0.57 


-0.001 


LOX9 


19 


-0.003 


0.04 


0.008 


-0.15 


1.15 


-0.001 


NE1 


75 


-0.006 


0.05 


0.009 


-0.26 


2.74 


-0.004 


P33 


88 


-0.002 


0.02 


0.008 


-0.48 


1.02 


-0.001 


P34 


66 


0.008 


0.14 


0.010 


-2.60 


0.37 


0.009 


P35 


82 


-0.008 


0.01 


0.023 


-0.14 


7.20 


-0.004 


P36 


85 


-0.027 


0.21 


0.074 


0.22 


120.37 


-0.007 


P37 


44 


0.011 


0.09 


0.014 


-0.18 


0.50 


0.012 


S10A 


94 


0.001 


0.15 


0.049 


-0.81 


0.41 


-0.005 


S10C 


100 


-0.034 


0.29 


0.066 


0.02 


0.91 


-0.026 


S10D 


172 


-0.062 


0.47 


0.087 


-0.12 


1.76 


-0.053 


S10E 


46 


-0.061 


0.05 


0.085 


-1.14 


2.74 


-0.058 


S11A 


164 


0.007 


0.05 


0.040 


-1.26 


0.68 


0.007 


SUB 


178 


-0.011 


0.24 


0.047 


0.14 


0.97 


-0.007 


sue 


222 


-0.023 


0.30 


0.046 


0.04 


1.05 


-0.020 


S12A 


381 


-0.004 


0.07 


0.029 


0.06 


3.81 


0.000 


S12B 


388 


-0.001 


0.06 


0.022 


0.03 


2.13 


0.000 


S12C 


399 


-0.002 


0.04 


0.018 


-0.05 


1.50 


-0.001 


SI 2D 


395 


-0.002 


0.07 


0.015 


-0.10 


0.95 


-0.002 


S144 


166 


-0.005 


0.01 


0.025 


-0.44 


2.05 


-0.002 


S145 


196 


-0.002 


0.00 


0.020 


-0.44 


1.43 


-0.001 


S146 


167 


-0.003 


0.01 


0.021 


-0.55 


1.44 


-0.001 


S151 


217 


-0.007 


0.10 


0.025 


-0.07 


1.22 


-0.007 


S31 


74 


-0.010 


0.05 


0.024 


-0.18 


3.72 


-0.008 


S333 


389 


-0.004 


0.06 


0.017 


-0.06 


1.27 


-0.003 


TSB 


60 


0.000 


0.02 


0.010 


0.82 


0.49 


0.006 


Mean 


101 


-0.002 


0.10 


0.026 


-4.07 


3.43 


-0.001 


Max 


399 


0.024 


0.54 


0.097 


0.82 


120.37 


0.026 


Min 


16 


-0.062 


0.00 


0.004 


-105.73 


0.21 


-0.058 



“ OBS = observation(s). 
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of most of south Florida (see Chapter 6) and is the primary modeling tool for eval- 
uating south Florida hydrology for Everglades restoration objectives (USACE 
and SFWMD, 1998; CERP Team, 2001). The SFWMM had a very slightly better 
calibration at these same monitoring stations, with overall means of 1 cm bias and 
18 cm RMSE. The overall mean bias and RMSE for surface water phosphorus 
concentration were —0.002 mg/L and 0.026 mg/L (Table 4.4). When comparing 
seasonal means, the bias was 0.001 mg/L and the RMSE decreased to 0.013 
mg/L. 

The goodness-of-fit statistics (correlation coefficient, R 2 \ model efficiency, 
EFF; TheiT s inequality coefficient, U 2 ) described the agreement between simu- 
lated and observed data via a paired point-to-point comparison. For stage heights, 
simulated values from both ELM and SFWMM explained 68% of the variability 
in observed stage heights (Table 4.3). There was also little difference between the 
two models in the U 2 statistics: 0.018 for ELM and 0.012 for SFWMM. Com- 
pared to stage heights, the goodness-of-fit statistics for surface phosphorus con- 
centration were lower, with an overall mean R 2 of 0.10 for the individual simu- 
lated and observed pairs (Table 4.4). However, when weighted seasonal means 
were used, the average R 2 improved to 0.20. The model efficiency and U 2 also ex- 
hibited an improved goodness of fit when analyzing weighted seasonal means. 

Such goodness-of-fit tests provide insight into the model capabilities, but mea- 
sures of the magnitude of the model-observed deviations are critical to an evalua- 
tion of the efficacy, or “skill,” of the model in predictive mode. Although there 
are some locations where the model predictions should be, and will be, improved 
in future versions, overall differences between the model and observed data ap- 
pear to be within acceptable bounds for making water quality assessments on a 
regional basis. We do not attempt to summarize the multiple visualization plots of 
simulated-observed time-series data, but perusal of such temporal dynamics (on 
the ELM website on the accompanying CD), as one moves from the eutrophic 
northern sites to the southern regions of lower phosphorus concentrations, it 
should be clear that the spatial north-south trends (Fig. 4.12) and the 
monthly-seasonal dynamics are largely captured by the ELM simulation. 

There are many factors that affect water quality measurements and the ecolog- 
ical/water quality predictions of those dynamics. For example, although simu- 
lated phosphorus concentration is actually a mean concentration in 1-km grid, the 
measured phosphorus concentration at a point location within the 1-km grid may 
or may not represent the average condition and can be affected by many random 
effects. Because of the high variability of water quality data and random errors in 
it monitoring, an exact match between individual modeled and observed water 
phosphorus is difficult. When the number of observation is large, random samples 
do not increase bias (Scheaffer et al, 1986; Dixon and Garrett, 1993); thus, the 
random errors can be canceled out by aggregation. 

We used temporal aggregation to reduce the effects of random errors in ob- 
served data. Furthermore, phosphorus concentration weighted by flow (water 
control structure stations) or by ponded water depth (marsh stations) is reflective 
of the relative importance of the total mass/volumes in the system and can reduce 
the influence of extreme values in some situations. As noted, the average R 2 value 
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Surface water phosphorus concentration (ppb) 



Figure 4.12. The cumulative frequency distributions (percent) of the ELM-simulated 
and observed (raw, unaggregated) phosphorus data. Note that only paired simulated and 
observed data points are used. 



for weighted seasonal means increased to 0.20 (Table 4.5) compared to 0.10 be- 
fore aggregation (Table 4.4). When each simulated and observed seasonal mean 
surface water total phosphorus (TP) concentration at all monitoring stations were 
compared, simulated values explained more than 50% of the variability in ob- 
served values (Fig. 4.13). With further aggregation of seasonal means by each 
monitoring site, the R 2 increases to more than 0.60 (i.e., 60% of the variance in 
observed values was explained by the simulation results). The cumulative fre- 



Table 4.5. Seasonal Mean TP concentration summary statistics. 

OBS a Seasonal Mean Weighted Seasonal Mean 

Site n Rr Bias RMSE EFF IP IP Bias RMSE EFF 

(mg/L) (mg/L) (mg/L) (mg/L) 
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Comparison of Simulated and Observed Values 
weighted seasonal means averaged by sites 



Comparison of Simulated and Observed Values 
seasonal means averaged by sites 





Figure 4.13. R 2 correlation coefficient of seasonal mean surface water TP concentration 
predictions by ELM at all monitoring stations. 



quency plot for weighted seasonal means for all sites also confirmed a good 
match of the simulated and observed data (Fig. 4.14). The dry and wet seasonal 
means appeared to be a useful level of aggregation that was sufficient to minimize 
the influence of random error while maintaining an appropriate temporal scale to 
account for wet/dry seasonal changes in surface water TP concentrations. Fur- 
thermore, at this level of aggregation, ELM clearly demonstrates the ability to 
predict overall seasonal mean phosphorus concentration changes with very good 
accuracy throughout the greater Everglades. 

The various numerical analyses and visualizations in this document should 
demonstrate that the ELM is a useful predictive tool for hydrologic and water 
quality analyses in the Everglades. Flowever, the strength of the ELM goes be- 
yond merely predicting these “landscape drivers.” Although we do not currently 
present Regional Performance Measures for the other ecosystem variables, these 
other ecological dynamics are key to understanding and evaluating management 
alternatives. The rates of growth and mortality of periphyton and macrophytes, 
the rates of peat accretion and oxidation, along with a number of other ecosystem 
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Figure 4.14. Cumulative frequency distributions of weighted seasonal means of ELM- 
simulated and observed surface water TP concentrations at all monitoring stations. 



processes dynamically interact within the hydrologic and biogeochemical cycles 
of the simulated ecosystems. We monitor these variables during the calibration 
process, ensuring that they remain within reasonable values. Importantly, these 
variable dynamics form the basis of changes to habitats that are defined by vege- 
tation/periphyton community types and by soils. These changes to landscape at- 
tributes are the principal objectives of ELM simulations and will form the pri- 
mary basis for ELM ecological evaluations, as has been demonstrated for 
subregional scales in other publications (Fitz and Sklar, 1999). 



4.7 Conclusions 

We have developed a generic formalism to calculate objective functions, which 
take into account data as well as semiquantitative and qualitative information 
about the expected model behavior. The objective functions are well suited to use 
with most optimization techniques. Through a series of optimization experiments 
with increasing model complexity, we have demonstrated how the chances of ob- 
taining a successful model calibration through the still widespread methods of 
trial and error and Monte Carlo exploration vanish rapidly with model complex- 
ity. We have also shown how the power of multiple definitions of the calibration 
criteria can improve our insight into the response of complex model and how this 
information comes into play in the development of predictive models. 

The complexity of a nonlinear model response to parameter change is the rea- 
son why systematic optimization techniques should always be used in the calibra- 
tion of ecological models. Not only do the chances of successfully calibrating the 
model depend on the adoption of such techniques, but most of the model potential 
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is likely to remain undiscovered unless they are applied. It is increasingly recog- 
nized, and we have shown, that any nonlinear model is likely to exhibit multiple 
acceptable optima. Global optimization techniques such as genetic algorithms 
cannot help identify a single optimum in similar cases. Each of these different op- 
tima embodies a potentially different explanation of the phenomena under con- 
sideration. Moreover, when a model is calibrated on real data, the difference in 
the objective function values between different optima can be due to data quality 
issues as well as actual distance from the ideal behavior. This consideration, 
along with the above-listed ones, demands careful consideration of all the signif- 
icant optima in a model response surface if models are to be fully understood and 
profitably used. 

Having shown all that, we have also recognized that calibrating complex spa- 
tial models remains much of an artistic process, where application of sophisti- 
cated statistical methods, such as MPI, complements, but cannot substitute, the 
experience and common sense of the researcher, who educates himself about the 
system performance during the multiple model runs and trial-and-error experi- 
ments. The value of the model in this case resides primarily in the modeling 
process, where a new understanding about system performance and function 
stems from the process of model analysis, something that could not be achieved 
from automated methods of curve fitting and optimization. 
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5.1 Introduction 

Extensive changes have occurred in the habitats of the Mississippi deltaic plain, 
both spatially and temporally. These changes include the displacement of fresh- 
water vegetation by more salinity-tolerant communities and wetland conversion 
to open water. Estimates of land loss rates in coastal Louisiana range from 73 to 
102 km 2 /year (Gagliano et al., 1981; Dunbar et al„ 1992; Reed, 1995). Among the 
highest land loss rates along the Louisiana coastline is the Barataria-Terrebonne 
Estuarine Complex (Fig. 5.1), where coastal areas life expectancies range from 
50 to 200 years (Gagliano et al., 1981). 

The principal regional factors driving long-term trends in wetland landloss and 
habitat change are (1) deltaic lobe abandonment (Wells and Coleman, 1987), 
(2) eustatic sea-level rise and subsidence (Day and Templet, 1989; Penland and 
Ramsey, 1990), (3) changes in the introduction of freshwater and sediments from 
the Mississippi and Atchafalaya Rivers (Paille, 1997) and (4) modification of the 
internal hydrology as a consequence of human factors (Baumann and Turner, 
1990; Day and Templet, 1989; Reed, 1995; Roberts, 1997; Turner, 1997). The 
sum of all of the interactions among these alterations is the mechanism for the 
general pattern of habitat succession over the past 60 years (Roberts, 1997; Wells, 
1996). 

The delta of the Mississippi River has switched geographically as a natural 
process on a geological time scale (Penland et al., 1988; Roberts, 1997). In the 
abandoned deltaic lobes, the land surface loses elevation relative to mean sea 
level due to compaction and consolidation of sediments (Baumann et al., 1986; 
Wells, 1996). Wetland elevation gain must equal relative sea-level rise to achieve 
long-term marsh stability (Cahoon et al., 1995; Chmura et al., 1992). 

Construction of flood-control levees have further isolated most wetlands in the 
Mississippi delta from the river and associated sediments since the early 1900s 
(Mossa, 1996). The internal wetland hydrology has been highly modified by the 
widespread construction of dredged canals (Turner, 1997). Flood-control levees 
stop seasonal flooding and, consequently, the introduction of sediments and nutri- 
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Figure 5.1. The state of Louisiana showing location for the Barataria and Terrebonne 
watersheds. Numbers indicate location of proposed management projects. 



ents into nearby wetlands. Additionally, canals and their associated spoilbanks 
act in the same manner, decreasing the input of materials to adjacent wetlands 
(Boumans and Day, 1993; Swenson and Turner, 1987). There is evidence that 
canal dredging increases wetland vulnerability to erosion. Several studies have 
shown that canal density is related to wetland loss (Scaife et al., 1983; Turner and 
Rao, 1990). In salt marshes, the canal-to-wetland loss ratio is as high as 1:4 (Bass 
and Turner, 1997), with loses caused directly by canal dredging and spoil place- 
ment and indirectly by processes such as reduced sediment input and excessive 
waterlogging (Mendelssohn et al., 1981). 

The primary source of sediments introduced to coastal wetlands in most of the 
delta is now resuspended sediment from bay bottoms and the near-shore Gulf of 
Mexico (Baumann et al., 1986; Hatton et al., 1983). However, it is now the scien- 
tific consensus that new inputs of sediment- and nutrient-laden river water into 
wetlands via river diversions will offset the present deleterious effects and restore 
large areas of wetlands (Boesch et al., 1994; Day et al., 1997). 
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For the Barataria and Terrebonne basins, land loss has been high since the mid- 
1950s. Wetland land loss data has varied through time, for example, the period of 
1956-1978 reported loses between 20 to 24.86 km 2 /year, and for 1978-1988 be- 
tween 31.6 and 35.4 km 2 /year (Dunbar et al., 1992; Reed, 1995) for both basins. 
Direct land loss due to canal dredging accounts for more than 30% and 10% of 
the losses in Barataria and Terrebonne basins, respectively, between 1956 and 
1990, with indirect effects of this activity estimated to cause twice the amount of 
land loss as the direct ones (Reed, 1995). 

Ecological impacts include declines in net primary productivity (Day et al., 
1997), saltwater intrusion (Warne and Stanley, 1993), and fluctuations in species 
composition (Deegan and Thompson, 1985), resulting in economic and social 
costs to the system as a whole (Deegan et al., 1984; Templet and Meyer- Arendt, 

1988) . In order to ensure the continued vitality of deltaic resources, land manage- 
ment in the Mississippi Delta and other deltas throughout the world must select 
and implement management plans to reverse the present trends of land loss (Mar- 
tin et al., 2000). 

The evaluation of environmental management plans is usually done in an spatial 
and temporal isolation context that consistently results in unforeseen conse- 
quences. A management action in one area can have impacts in neighboring re- 
gions. If evaluations span relevant spatial and temporal boundaries, short-term 
production gains on the managed area could be compared with impacts on neigh- 
boring areas. Instead, spatial and temporal impacts are often neglected as assump- 
tions and processes are analyzed locally over short periods during the evaluation of 
environmental management plans. This has not been due to shortcomings of man- 
agement, but to the inability of conceptual models to account for relevant 
processes and heterogeneities through time and space. Landscape spatial models 
(Costanza et al., 1990; Fitz et al., 1996; Martin and Reddy, 1997; Reyes et al., 
2000) are tools that explicitly incorporate system processes and relationships 
across spatial and temporal boundaries, allowing the identification of short- and 
long-term impacts of proposed management plans across space. Modeling wetland 
habitat at the landscape level allows testing of hypotheses about the dynamics of 
these processes and is critical in the management of the likely long-term effects of 
proposed restoration alternatives. 

The objective of this study was to construct a landscape habitat model that 
would assess the long-term indirect and cumulative impacts of diverse climates 
and management plans for Barataria and Terrebonne basins. The model contains 
an explicit hydrodynamic module, coupled with ecological algorithms for pri- 
mary production and habitat switching. The Barataria Terrebonne Ecological 
Landscape Spatial Simulation (BTELSS) model was used to replicate historical 
trends in land loss and habitat change from 1956 to 1988 for each basin and then 
used to predict trends into the future. Specifically, different weather patterns and 
three management alternatives were tested and their impacts analyzed. 

The following sections of this chapter describe the structure of the BTELSS 
model, the calibration runs and performance evaluation via a fit index (Costanza, 

1989) for both basins, the verification runs against historical records for 1956 to 
1988, simulation runs for 30 years into the future under these same historical 
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records for Barataria and Terrebonne, simulations for future conditions under an 
average weather regime and double relative sea-level rise, and three predicted 
scenarios for different management alternatives. Finally, comments on the over- 
all performance of the model are presented. 



5.2 Study Area 

The Barataria-Terrebonne system is an interdistributary estuarine-wetland sys- 
tem located in southern Louisiana. The Barataria Basin is located between the 
natural levees of the Mississippi River and Bayou Lafourche. It is roughly trian- 
gular in shape with an area of 6100 km 2 . The Terrebonne Basin is bordered by 
Bayou Lafourche on the east and the Atchafalaya River on the west and occupies 
5500 km 2 (Fig. 5.1). 

Both basins are dynamic systems undergoing change due to natural and human 
processes. The Barataria Basin has been closed to direct river inflow since 1904. 
Precipitation provides its main source of freshwater; however, the Mississippi 
River exerts substantial influence on its southern portion by effecting the salinity 
in the near-shore Gulf of Mexico (Perret et al., 1971). The Terrebonne basin is in- 
fluenced by the Atchafalaya River, where its western portion is one of the few lo- 
cations in southern Louisiana that has experienced net land gain (Boesch et al., 
1994; Roberts, 1997). 

The vegetative communities in both basins include marshes occurring as bands 
of salt, brackish, and fresh vegetation from the Gulf inland (Chabreck and Con- 
drey, 1979). Fresh marshes give way to swamps and bottomland hardwoods at 
higher elevations. 



5.3 Model Structure 

A landscape habitat prediction model was built for both basins. This dynamic 
spatial model uses variable time and spatial scales. The model comprises a finite- 
difference, two-dimensional, vertically integrated hydrologic module using a 
time step of 1 h and a spatial cell size of 100 km 2 coupled with a primary produc- 
tivity module with a time step of 1 day and 1-km 2 cell size. Output from the hy- 
drodynamic and productivity modules are submitted to a soil module (time-step 
of 1 yr., cell size of 1 km 2 ) and then evaluated by a habitat-switching module, 
which redefines the habitat mosaic (cell size of 1 km 2 ) on a biannual basis. Spe- 
cific details for the modules interaction have been documented previously (Reyes 
et al., 2000; White et al., 1997). 

5.3.1 Maps 

Patterns and rates of land loss and habitat change have been documented by the 
U.S. Fish & Wildlife Service (USFWS) from digital maps derived from aerial 
photography acquired for 1956 and 1978 and from satellite imagery for 1988 
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habitat classification. These habitat maps were aggregated up from 625 m 2 to 1 
km 2 using a majority rale (51% of dominating habitat type defines the 1-km 2 cell) 
and then they became the spatial calibration dataset for the landscape models. 
During the aggregation process, the maps were also reclassified from 14 down to 
4 wetland categories (swamp, and fresh, brackish, and salt marshes), open water, 
and developed lands. The vegetative communities present in both basins reflect 
gradients in elevation, salinity, and soil type. Salt marshes were characterized by 
Spartina altemiflora, brackish marshes by Spartina patens, fresh marshes include 
Panicum hemitomon and swamps by Taxodium distichium (Chabreck, 1972; 
Conner et al., 1987; Tiner, 1993; Visser et ah, 1996). 

5.3.2 Fit Analysis 

To evaluate how any simulated map compared to the aggregated USFWS habitat 
maps, a multiple-resolution fit parameter (F) was used (Costanza, 1989). This 
multiple-resolution fit varies from 0 (no match) to 100 (perfect match). Previous 
habitat modeling efforts in southern Louisiana have utilized this methodology for 
similar analyses (Sklar and Costanza, 1991). Conversely, to evaluate how much 
of the land changed with regard to the 1988 USFWS basemap, we devised an 
overall land change index (OLC) which is the resulting land count divided by the 
1988 land count in percentage. 



5.4 Landscape Calibration and Validation 

The BTELSS model calibration was divided into two sequential steps: first, 
match the land-water ratio for each basin; second, match the habitat distribution. 
The rationale was to correct the temporal portion (land sustainability, thus similar 
land-water ratio) of the model and then to rectify the spatial portion (habitat-type 
proportionality, thus habitat distribution). 

5.4.1 Calibration 

To match land-water ratios in each basin, the BTELSS model was run repeatedly 
from 1978 to 1988, manipulating basinwide parameters. A concurrent sensitivity 
analysis identified among the overall parameters most critical to the model out- 
put. These basinwide parameters were observed sea-level rise (SLR), Manning’s 
coefficient, and initial elevation. 

The BTELSS model was designed to simulate hydrodynamic and ecological 
processes capable of producing broad habitat patterns. The objective was to 
match the 1988 landscape patterns such that all of the land loss processes would 
be implicitly included in the model. Due to the complex nature of land loss, we 
used the USFWS maps for 1978 and 1988 and actual land loss rates in the cali- 
bration runs recognizing that these maps reflect all of the effects impacting the 
landscape. The BTELSS model incorporates large-scale factors (salinity, relative 
SLR, and sediment transport) and their impacts that have regional effects. 
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Figure 5.2. Comparison for the Barataria 1988 USFWS habitat map and calibrated 
model output. 



The spatial calibration compared the resulting 1988 habitat map of the 
1978-1988 model runs and the 1988 USFSW map using the multiple-resolution 
fit parameter (Costanza, 1989). The model was repeatedly run varying the initial 
parameters (e.g., initial plant biomass, salinity tolerance) until the overall fit im- 
proved to 85 or better for both basins. 
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Figure 5.3. Comparison for the Terrebonne 1988 USFWS habitat map and calibrated 
model output. 
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Table 5.1. Summary of scenario results performed in each basin. 







Resulting habitat coverage (km 2 ) 






Scenario name 


Fresh 

marsh 


Swamp 


Brackish 

marsh 


Salt 

marsh 


Open 

water 


Calibration 

fit 


Barataria Basin USFWS map values 


755 


1,022 


734 


460 


2952 




Normal conditions (1988-2018) 


396 


1,017 


236 


217 


4057 




Mean Gulf and mean river (1988-2018) 


663 


1,022 


520 


312 


3387 


88.07 


Increased sea level rise (0.4 cm/year) 


240 


1,014 


150 


200 


4319 


94.77 


River diversion 


503 


1,018 


248 


210 


3944 


80.94 


Levee construction 


286 


1,014 


226 


252 


4145 


96.93 


Terrebonne Basin USFWS map values 


1170 


432 


828 


576 


2106 




Normal conditions (1988-2018) 


510 


428 


499 


365 


3310 




Mean Gulf and mean river (1988-2018) 


737 


426 


600 


360 


2969 


95.93 


Increased sea level rise (0.4 cm/year) 


382 


426 


394 


362 


3548 


97.49 


Hydrologic retention 


552 


429 


466 


365 


3300 


97.63 



Note: Fit values for 2018 scenarios were computed against the 2018 normal-conditions habitat map. 



The 1978-1988 calibrated base-case simulations yielded a fit of 89.3 for the 
Barataria watershed and 85.08 for the Terrebonne watershed (Figs. 5.2 and 5.3, 
respectively). There was also agreement for total wetland and water areas for the 
two watersheds (F = 96 for Barataria and F = 94 for Terrebonne). Table 5.1 
presents the resulting fits and habitat areas for each of the different runs (calibra- 
tion, validation, and future scenario experiments) to be discussed later in the text. 

5.4.2 Validation 

To validate the BTELSS model, simulations were run for 1956-1987 with all pa- 
rameters set to the 1978-1988 (base case) values. The open-water area predicted 
by the models for the period between 1956 and 1990 was output annually. The 
first derivative (land loss in km 2 /year) of these values was computed to illustrate 
the variation in land loss rates (Fig. 5.4). 

The model predicted annual land loss fluctuations during the period 1956- 
1987, between 0 and 65 km 2 for Barataria and 0 and 85 km 2 for Terrebonne, sim- 
ilar to other reported values (Gagliano et al., 1981) of 73 km 2 /year. Both basins 
follow similar patterns. An initial period of moderate loss peaking at 10 to 30 km 2 
occurs in the early 1960s followed by a reduction to 5 to 10 km 2 in the late 1960s. 
Land loss then climbs through the entire decade of the 1970s to reach the ob- 
served maximum in both basins. Land loss then drops through the 1980s to nearly 
0 by 1990. Land loss calibration information is available in the form of interval 
estimates, which can be approximated using the model. The USFWS data from 
1956, 1978, and 1990 give rise to two intervals. Interval estimates of 20 and 22 
km 2 /year were reported by the U.S. Army Corps of Engineers (USACOE) for 
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1950 1960 1970 1980 1990 

Year 

Barataria Simulation Terrebonne Simulation 

• USACOE + Reed, 1995 

□ USFWS 

Figure 5.4. Historical model simulation output for annual land loss in Barataria and 
Terrebonne basins. Single points correspond to literature values. 

1931-1990 (Dunbar et al., 1992). The BTELSS model values for these intervals 
(Table 5.2) are within the range of both sets of estimates. 

5.5 Future Scenarios 

Following the calibration and validation of the model, 30-year simulations from 
1988 to 2018 analyzed the impact of different weather scenarios for both basins. 
Understanding the effects of global change and SLR in the Gulf of Mexico has 
gain preponderance over the past few years. Several simulations exist for the Mis- 
sissippi River discharge (Miller and Russell, 1992) and coastal waters of 
Louisiana (Justic et al., 1996) but none for the wetlands of the Mississippi Delta. 
The BTELSS model allows separate treatment of long-term SLR from interan- 
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Table 5.2. Predicted land loss rates for the 1988-2018 interval in Barataria and Terre- 
bonne basins (km 2 /year). 



Scenario name 


Barataria 


Terrebonne 




Historical Simulations 




Calibration run 1978-1988 


27.11 


33.89 


Validation run 1956-1978 


25.50 


26.73 




Weather Forecasts 1988-2018 




Normal conditions 


36.83 


40.13 


Mean Gulf and river 


15.33 


31.83 


Increased sea level rise (0.4 cm/year) 45.57 


48.07 




Management Alternatives 1988-2018 




River diversion 


33.07 




Levee construction 
Hydrologic retention 


39.77 


39.80 



nual variation in mean water levels as factors potentially driving habitat change. 
All future simulations, with the exception of one included a relative SLR of 0.18 
cm/year imposed over the mean sea-level conditions at the Gulf of Mexico. This 
value is in the middle of the range estimated by the Interagency Panel on Climate 
Change (IPCC; Gornitz, 1995). 

The three weather scenarios considered variations of the historical records and 
included: ( 1 ) repetition of weather time series, (2) yearly mean Gulf of Mexico 
sea-level and Mississippi River discharge conditions, (3) double the rate of relative 
SLR (0.4 cm/year). Results for all these future scenarios are presented in Table 
5.1. The first scenario referred to as Normal Conditions (NC) simulated a future 
continuation of current trends. Later simulations were compared against this NC 
scenario. Our first objective was to understand how climate influences the land- 
scape habitat distribution and determine the resilience of Barataria and Terrebonne 
wetland habitats to diverse weather conditions as surrogates for potential condi- 
tions of global change. The second objective was to evaluate the results from po- 
tential management alternatives with regard to landloss and habitat dynamics. 

5.5.1 Normal Conditions 

The Normal Conditions scenario consisted of a 30-year (1988-2018) simulation 
for each basin. To run simulations into the future, theoretical time series and 
boundary conditions were defined. Climate tends to be cyclic in nature (Latif and 
Barnett, 1994; Thomson, 1995), whereas weather patterns tend to be autocorre- 
lated with time. The weather conditions of 1988 are more similar to 1987 than 
1956 (e.g., the two end members of our dataset), and to simulate future condi- 
tions, we ran the original time series in reverse order; that is, the forcing functions 
and boundary conditions are actual data for years 1955-1992 but in reverse when 
the year 1993 was simulated, the climate from 1991 was used, when 1994 was 
simulated, the climate from 1990 was used, and so on. 
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Figure 5.5. Comparison for the Barataria 1988 USFWS habitat map and simulated out- 
put under the Normal Conditions scenario. 



The resulting habitat maps show the extent of the predicted marsh deteriora- 
tion. In Barataria 1105 km 2 of marsh were converted to open water (Fig. 5.5), 
changing the computed water/land ratio from 0.99 in 1988 to 2.17. The resulting 
areas for each habitat are reported in table 5.1. The largest decline (498 km 2 ) was 
for brackish marsh, whereas only 5 km 2 of swamp were lost. The largest wetland 
losses occurred in the middle and lower basin as they were converted to open 
water, whereas the upper basin dominated by swamp habitat remained relatively 
unchanged. This loss is due in part to differences in initial elevation, salinity, and 
water levels between the upper and lower basins. 

In Terrebonne, 1,204 km 2 of land were converted to open water during the 30- 
year simulation and the resulting water/land ratio changed from 0.70 to 1.84 in 
2018. The most conspicuous map features are a loss of a large area of fresh 
marsh in the northwestern portion of the basin and the fragmentation of brackish 
and salt marshes in the southeastern part (Fig. 5.6). In contrast to Barataria, the 
fresh marsh habitat experienced the largest loss (660 km 2 ), most of which was 
associated with the conversion to open water in the northwestern portion of the 
basin. 

Model predictions for land loss rates for both basins under this scenario are 
presented in Table 5.2. Simulated rates are below predicted rates for the 1990s of 
102 km 2 /year (Dunbar et al., 1992; Gagliano et al., 1981; Reed, 1995). 

After establishing baseline conditions using the NC scenario, the model was 
run with several climate conditions to explore the “envelope” within which the 
model reacts to different weather patterns. To evaluate the effect of changing 
these forcing functions on habitat distribution, a comparison with the NC 2018 
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Figure 5.6. Comparison for the Terrebonne 1988 USFWS habitat map and simulated 
output under the Normal Conditions scenario. 



habitat map was made using the goodness-of-fit index. This provided an indicator 
of how much the resulting map deviates from the original prediction. 

5 . 5.2 Average Year 

An analysis of the 1956-1988 weather records indicated that the year 1986 had 
mean values for Gulf mean sea level and Mississippi River discharge. Using these 
1986 values as the only source for weather conditions, the model was run for 30 
years to try to gauge the overall effect of extreme and average conditions by re- 
peating them every year (i.e., continuous and long-term effects of perturbations). 
Therefore, model stability was tested, as well as the capability of the plant com- 
munities to endure long-term impacts. 

The effects of average river discharge and mean sea level were different for 
each basin. Using the OLC, the Barataria basin had the highest percent of change 
(34.6%), whereas the Terrebonne Basin was only 13.2% dissimilar to the NC sce- 
nario. These numbers reflect the percentage of land preserved under stable yearly 
conditions. Open- water cell counts are minimal (Table 5.1), even below the 
counts for the NC scenario. 

To measure the influence of both forcing functions (Gulf mean sea level and 
river discharge) in a spatial context, the multiple-resolution fit index was used for 
the resulting land/water and habitat maps (Figs. 5.7A and 5.8A). A lower Ft index 
was expected because the 2018 scenario map should diverge from the NC map. 
Resulting land counts and fit indices are presented in Table 5.1. The mean Gulf 
and river discharge indices were the highest (or more similar) from all the 
weather variation simulations. Showing that typical conditions of mean sea level 
and river discharge did not lower the land-loss rate trends. 
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Figure 5.7. Comparison of Barataria scenario results. Habitat extensions are indicated, 
fresh marsh (FM), brackish (BM), and salt marsh (SM). 



5.5.3 Increased Sea-Level Rise 

Future scenarios of coastal areas must consider the possibility of an increased 
SLR rate. In the previous scenarios the SLR rate used was 0.18 cm/year, which is 
the average for the values reported by Gornitz and colleagues (1982). An in- 
creased SLR rate might not necessarily translate into a linear increase in land loss. 
The present scenario considered a SLR rate of 0.4 cm/year well within the range 
of values calculated by several authors (Emery and Aubrey, 1991; Gornitz, 1995; 
Hoffman, 1984) and representative of the “best guess” rates estimated by the 
IPCC (Gornitz, 1995). 

Increasing the SLR rate resulted in extensive losses of inland habitats (Table 
5.1). Salt marshes on both basins only decreased by 17 and 3 km 2 respectively in 
Barataria and Terrebonne when compared to the NC scenario. However, fresh 
and brackish marshes lost from 30% to 50% of the area remaining in the NC run. 
These indicate not only the deleterious effects of salt-water intrusion into the wa- 
tersheds, but also the nonlinearities involved in the land loss process (Figs. 5.7B 
and 5.8B). 

When compared to the 1988 habitat maps, the resulting gains in open water are 
more remarkable. Barataria open water increased by 1367 km 2 , which translates 
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Figure 5.8. Comparison of Terrebonne scenario results. Habitat extensions are indi- 
cated, fresh marsh (FM), brackish (BM). and salt marsh (SM). 



in an increase of 48%. The increase of open water in Terrebonne was even more 
extensive. The new open-water surface increased by 68% (1442 km 2 ), evidence 
that each basin reacts differently to similar forcing functions. 

5.5.4 Future Management Alternatives 

Typical management plans in the Mississippi Delta involve manipulating the flow 
of water and associated sediment transport. Freshwater flow into the basins may 
be increased to deliver sediments and nutrients and push salinity gradients toward 
the Gulf of Mexico. Diversions from the Mississippi and Atchafalaya rivers and 
other waterways are the primary sources used to increase water flow into the 
basins (Gagliano, 1989). Fresh-water and saline-water flow may be restricted in 
attempts to regulate water and salinity levels, reduce storm energies (hurricanes), 
and manage wildlife stocks. Structures and mechanisms employed for these pur- 
poses include levees, weirs, locks, floodgates, and pumps. Levees as a part of re- 
gional management plans have been proposed as a “line of defense” against 
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greater tidal intrusion (Boesch et al., 1994). By impacting the hydrology of 
coastal systems, such management alternatives have the potential to have perva- 
sive effects over time and space (Sklar and Browder, 1998). 

Water inputs were implemented in the BTELSS model to simulate the different 
management alternatives for each basin. Thus, the BTELSS model was used to 
assess the cumulative regional impacts of proposed management plans upon land 
loss rates and to examine the habitat changes resulting from these managerial 
decisions. 

River Water Diversion: Barataria Basin 

A diversion of Mississippi River water to the northern boundary of the Barataria 
Basin (Fig. 5.7C) was proposed to prevent land loss through a reduction in salin- 
ity and augmentation of sediments and nutrients. The proposed flow regime was 
283 m 3 /s from December through March, with a reduction to 28.3 m 3 /s during the 
remainder of the year. The scenario was simulated as the addition of river water 
with the proposed schedule into the corresponding 100-km 2 hydrodynamic cell. 
For all simulations, structural and hydraulic modifications were imposed in the 
year 1988, thus allowing 30 years for potential effects of each plan to be realized. 

The introduction of freshwater and associated sediments reduced land loss by 
1 13 km 2 over the 30-year simulation compared to the NC (Table 5.1). The preser- 
vation of fresh marsh, concentrated to the north and west of Lake Salvador (Fig. 
5.7C), was largely responsible for this difference, as fresh marsh loss was reduced 
from 359 km 2 in the NC to 252 km 2 . Quantitative changes in other habitats were 
similar to those produced by the NC. The far-reaching and sometimes negative 
effects on habitats throughout the basin demonstrate that although the main im- 
pacts of a plan may be concentrated in one area, minor impacts may be wide- 
spread and may partially offset the concentrated impacts. In the comparison of 
NC model results (Fig. 5.5) against this scenario, it can be observed that highly 
dispersed minor impacts occurred throughout both landscapes. 

Levee Construction: Barataria Basin 

A continuous low-barrier levee across the entire Barataria watershed, running 
east to west was proposed to restrict increasing salinity, and tidal energies from 
affecting marshes located north of the levee. Navigation and water flow between 
the upper and lower basin would be provided with a channel in the middle of the 
structure. The model implementation consisted of increasing the Manning’s coef- 
ficient in a linear group of cells corresponding to the location of the structure to 
simulate hydrologic modifications proposed in this scenario. Iterative tests con- 
cluded that multiplying these coefficients by a factor of 9.0 best simulated the ef- 
fect of a levee. 

This scenario increased the amount of open water at the expense of fresh and 
brackish marsh habitats. Compared to the NC fresh marsh lost an additional 110 
km 2 , brackish marsh loss increased by 10 km 2 , and 88 km 2 more of open water 
were gained (Table 5.1). Gains of open water were reduced by the preservation of 
35 km 2 of salt marsh habitat. Fresh marshes north and west of Lake Salvador suf- 
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fered the greatest amount of additional land loss compared to the NC (Fig. 5.7F). 
The 1.0 km 2 cells within the 100 km 2 cells in which the Manning’s coefficients 
were increased to represent the levee, were characterized by a concentration of 
additional land loss compared to the NC (Fig. 5.5). 

Hydrologic Retention: Western Terrebonne 

The intention of this plan was to guide freshwater flow toward the middle of the 
basin and to increase the retention time of this freshwater in the northwest portion 
of the basin. Modifications include the restoration of natural hydrologic barriers 
and a distributary network to direct flow toward the interior of the basin. This was 
simulated by increasing the Manning’s coefficient of four 100-km 2 hydrodynamic 
cells by a multiple of 3.0. This factor was obtained by running the model with 
small increments of the factor and comparing the resulting water velocities in the 
four cells. This modeling approach increased the residence time of water in the 
desired region and forced more flow into the western Terrebonne marshes. Re- 
ductions in salinity occurred as freshwater was forced to drain through the basin 
to the Gulf of Mexico. 

This scenario affected habitat distribution near the landscape modifications and 
in adjacent areas. After 30 years, 42 km 2 more fresh marsh and 33 km 2 less brack- 
ish marsh existed compared to the NC (Fig. 5.6), resulting in a modest decline of 
the water/land ratio from 1.51 to 1.50 (Table 5.1). This was due to freshening of 
the western basin and subsequent conversion of brackish marsh to fresh marsh 
(Fig. 5.8C). 



5.6 Discussion 

Landscape models are one of the few tools that can be used to predict the effects 
of complex interactions and cumulative, long-term effects of global changes, both 
spatial and temporally. Vegetation responses to multiple impacts can not be sim- 
ply extrapolated. Historical trends of these responses do not readily correspond to 
future conditions (Dale and Rauscher, 1994), mainly because of the accelerated 
rates for sea-level rise and global warming and changes in the composition of the 
plant assemblages (Dale and Rauscher, 1994). A process-based, spatially-explicit 
model is required to cope with the inherent complexity of future scenarios (Ruth 
andPieper, 1994). 

A primary objective of this chapter was to evaluate the usefulness the BTELSS 
model for predicting landscape responses to different weather regimes. The 
BTELSS model was designed to be forced by and respond to dominant regional 
coastal processes (Baumann and Turner, 1990; Reed, 1995; Turner, 1997; Wells, 
1996). Hydrodynamic, edaphic, and vegetative processes at less than 1 km 2 scale 
that could produce localized changes were not simulated by the model. The cali- 
bration method compensated for the presence of local effects by implicitly in- 
cluding these factors. Increasing habitat response to weather effects and the use of 
regional forcing functions results in a predicted habitat map that resembles the 
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real 1988 coastal habitat distribution of each basin (Figs. 5.2 and 5.3). The Ft in- 
dices of 85 and 89 for Barataria and Terrebonne respectively, are indicators of 
how well this match was achieved (Table 5.1). 

The validation runs further tested the effects of regional factors, such as subsi- 
dence and salt intrusion, on wetland habitat response. The discrepancy between a 
perfect Ft of 100 and the one obtained from these runs (Table 5.1 ) indicate the de- 
gree of uncertainty of the habitat response algorithms to local effects. The dis- 
similarity of the resulting maps for the 30-year runs against the 1988 USFWS 
maps is of about 30 points out of a maximum of 100. The degree of variation be- 
tween the simulated map and the landscape image is about 10 points every 10 
years. Because only regional effects are the source of this variability, it is most 
likely that the 10-point variation can be attributed to local effects such as canal 
dredging, marsh impoundments, and other causes of habitat change. 

5.6.1 Future Sea-Level-Rise Scenarios 

The weather experiments tested the climate effects in both basins (Figs. 5.7A-5.7B 
and 5.8A-5.8B). Minimum influences (i.e., mean Gulf-mean river discharge sce- 
nario) resulted in less land loss and, thus, higher differences in wetland distribution 
compared to the NC scenario. As the weather conditions exerted more influence 
(i.e., increased SLR scenario), land loss increased (Table 5.2). Relatively high rates, 
on the order of 30-40 km 2 /year are predicted for all but the mean Gulf-mean river 
scenario, which produces values nearly half as low. The comparisons of the vari- 
ability of the fit indices in both basins (Table 5.1) suggest that Barataria Basin is 
more susceptible to habitat changes (the range of values is larger) than the Terre- 
bonne Basin, which is more resilient to the weather and river discharge effects. The 
overall lowest fit computed for these scenarios was with the average Mississippi 
River discharge and mean sea-level conditions, which can be interpreted as a result 
of maintaining conditions within the normal range of weather variability. These re- 
sults along with the NC scenario (Figs. 5.5 and 5.6) suggest that interannual vari- 
ability is responsible for the largest changes in marsh stability. Accretion, vegeta- 
tion productivity, and sediment inputs alone cannot compensate for the effects of 
increased sea-level rise (as high as 10 cm interannually, Penland and Ramsey, 
1990), acute weather conditions (hurricanes and winter storms) and natural subsi- 
dence (Baumann et al., 1986; Cahoon, 1994; Coleman, 1988; Dale and Rauscher, 
1994; Day and Templet, 1989; Nyman et al., 1990; Wells, 1996). 

5.6.2 Continued Land Loss 

Due to their stage of deterioration in the delta cycle and depth to Holocene layer 
(Roberts et al., 1994), the Barataria and Terrebonne basins exhibit the highest rates 
of relative SLR throughout the Mississippi Delta (Penland and Ramsey, 1990), 
making the marshes especially vulnerable to submergence. Based on the results of 
the NC and demonstrated to different degrees by the management scenarios, land 
loss in these basins will continue and management, regardless of the plan selected, 
may serve only to slow the rates. Contrasted to the NC, the largest reduction of 
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land loss over the 30-year period was 1 13 km 2 for the river diversion (Table 5.1). 
Compared to losses greater than 1100 km 2 for each basin over the 30 years (NC), 
it is apparent that management plans can at best reduce the rates of land loss. Rel- 
ative SLR, comprised of subsidence and eustatic SLR (Cahoon et ah, 1995), will 
be the process chiefly responsible for most of the future losses (Figs. 5.7B and 
5.8B). During the last half-century, anthropogenic factors such as canals, spoil 
banks, impoundments, and levees have accounted for a significant portion of land 
loss (Deegan et ah, 1984; Turner, 1997). However, during these times and over the 
past 10,000 years, relative SLR has played a dominant role in converting land to 
open water during the destructional phase of delta basins (Coleman et ah, 1998) 
and will continue to do so in the future, as shown by the 0.4 cm/year SLR scenario. 

5.6.3 Evaluation of Futu re Management Scenarios 

Of the three projects evaluated, the greatest gains with regard to land loss were 
produced by the river diversion in Barataria (Table 5.2). Deltaic regions experi- 
encing subsidence and ESLR marshes may maintain relative elevation if an 
ample supply of riverine sediment is distributed across the marsh surface (Day 
and Templet, 1989; Reed et al., 1997). The delivered minerals and nutrients stim- 
ulate organic production, which, through mortality and production of root bio- 
mass, combines with the riverine sediments to build elevation (Delaune et ah, 
1983). As elevation is built, a positive-feedback cycle is established and the pe- 
riod of daily inundation decreases, which allows the vegetation to sustain higher 
rates of productivity (Cahoon et ah, 1995; Cahoon and Turner, 1989; Nyman et 
ah, 1990). Flood-control levees, which characterize the Mississippi Delta, elimi- 
nate overbank and crevasse flooding and the input of riverine sediment to deltaic 
marshes (Mossa, 1996). River diversions are an attempt to restore natural delta- 
cycle processes with controlled flows of water and sediments through the levees. 

Levee plans offer no means for marshes to offset relative SLR and, therefore, 
have minimal prospects for preserving marsh habitats. Although these plans suc- 
ceeded in reducing salinity north of the structures, the dominant force leading to 
open-water conversion in these areas is relative SLR (Roberts, 1997). In contrast 
to the river diversion, these management options work against natural deltaic 
functioning. Instead of promoting connectivity within the marshes and sediment 
dispersal, these options seek to isolate marsh areas and hinder sediment delivery 
from north to south. Although at a smaller scale than these plans, the ill-effects of 
elevated linear structures upon interior marshes have been well documented 
(Bass and Turner, 1997; Cahoon and Turner, 1989; Swenson and Turner, 1987). 

Levee construction resulted in an increased conversion from marsh habitats to 
open water during the simulations and showed limitations of the methodology. 
The model revealed that while reaching the goals of reduced salinity and tidal en- 
ergies, associated changes in daily inundation lead to an increase in the 
water-land ratios. In both instances, the elimination of water flow crossing the 
linear barriers reduced the salinity north of the levees, but led to increased inun- 
dation to the north and south. Habitat conversion during the levee simulations 
took place in areas adjacent to these structures. This was expected because levees 
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Figure 5.9. Selected habitat extension histograms for the Barataria and Terrebonne wa- 
tersheds. 

greatly alter the nearby hydrology, leading to habitat change. However, a consid- 
erable amount of habitat conversion occurred within cells in which the Manning’s 
coefficients were increased (Fig. 5.7D). Increased Manning’s values slowed 
water movement in affected cells and exacerbated waterlogging associated with 
levees. It was impossible to differentiate between habitat conversion resulting 
from genuine landscape dynamics due to the levees and conversions resulting 
from increased Manning’s coefficients. 
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Hydraulic retention in the Terrebonne Basin also resulted in a reduction of land 
loss compared to the NC (Table 5.1). This plan was successful in preserving fresh 
marsh habitat in northwestern Terrebonne Basin (Fig. 5.8C). This was accom- 
plished by reductions in salinity and enhanced sedimentation resulting in in- 
creases in elevation. The trade-off between gains in fresh marsh and losses of 
brackish marsh demonstrated the model’s ability to remove the bounds of spatial 
and temporal isolation when evaluating environmental management options. Un- 
like the river diversion in Barataria, the amount of freshwater and sediments en- 
tering Terrebonne was conserved, and gains of sedimentation in one area lead to 
losses in other areas of the basin. Subsequently, decreased amounts of sediment 
reached the interior brackish marshes. The impact of sediment alterations upon 
brackish marsh exemplified the importance of considering basinwide and indirect 
impacts when evaluating management plans. 

The BTELSS model allows for a basinwide comparison of the effects of the 
different alternatives and weather scenarios in many forms. Proportional changes 
on each habitat type can be viewed individually or against all other plans (Fig. 
5.9). An examination of all habitat types in a nonspatial manner can identify 
which types are more sensitive to each plan. When combined with the resulting 
maps, the model facilitates the identification of areas of higher risk under the dif- 
ferent scenarios. Management plans cannot be evaluated in spatial and temporal 
isolation by focusing on short-term impacts in the immediately affected areas. As 
demonstrated here, spatial models are tools with the ability to evaluate manage- 
ment plans across space and time. 

5.6.4 Model Limitations 

Substantial habitat conversions in hydrodynamic cells with increased Manning’s 
values underscored the importance of interpreting the results with regards to lim- 
itations and assumptions of the model. The scale of the hydrodynamic module 
coupled with manipulations of Manning’s coefficients lead to ambiguous conclu- 
sions concerning the levee plans. Because levees have major impacts upon water 
flows, their inclusion within the hydrodynamic portion was a necessity. 

Because the model was designed for deteriorating delta basins, land loss was 
the primary process of concern. Land formation through the deposition of sedi- 
ments into open water, typical of aggrading delta basins, was not included. The 
model only simulated the preservation of land cells and conversions to other habi- 
tats, including open water. Although it is important and easier to maintain exist- 
ing marsh as opposed to creating new marsh habitat (Templet and Meyer-Arendt, 
1988), this limitation resulted in a conservative estimate for the potential of the 
river diversion to reduce deltaic land loss. 



5.7 Conclusions 

A regional model that combines hydrodynamic and biological processes in time 
and space was used on two watersheds. A 10-year calibration for each watershed 
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indicates that the modeled processes can explain up to 85% of the habitat distrib- 
ution changes that have occurred during this period for 1978 to 1988. Validation 
of the BTELSS model using data from 1955 to 1990 produced land loss rates 
which match historical trends over this period (habitat F = 75). 

Most important, the model produces reasonable regional agreement despite the 
fact that small-scale processes and features were not included. The model is 
forced by the dominant regional processes like subsidence, sedimentation, or- 
ganic soil formation, and sea-level rise that act on the relative position of the land 
and water surfaces as these surfaces evolve interactively through time. 

The BTELSS model predicts different rates of land loss not clearly related to 
the magnitude of the forcing function change (e.g., mean Gulf and river dis- 
charge) and differs between basins. One reason is that the habitat distribution and 
elevation history of wetland areas within each basin is different (Adams et al., 
1976; Adams and Baumann, 1980; Dunbar et al., 1992; Gagliano et al., 1981; 
Wells, 1996). Areas in each basin decline to an elevation in which the plants be- 
come vulnerable to stresses that accompany a period of high mean water level 
(Reed et al., 1997; Salinas et al., 1986; Turner, 1997; Turner and Rao, 1990). If 
the model has captured the forcing that causes land loss, then it will be capable of 
providing simulations into the future that are independent of the intervals used for 
calibration. 

The model successfully simulated a planned river diversion in the Barataria 
Basin and hydrologic retention within Terrebonne. The river diversion increased 
land elevations within the basin and preserved a large area (113 km 2 ) of marsh 
from conversion to open water. By attempting to restore natural deltaic functions, 
river diversions are alternatives that can slow the rate of land loss in abandoned 
delta basins. Hydrologic retention in Terrebonne reduced salinities and increased 
elevations within the project area and resulted in modest reductions of land loss. 
Conversions of brackish marsh to open water demonstrated the use of the model 
in recognizing the impacts of management plans across spatial and temporal 
boundaries. Simulations of levee plans illustrated the limitations of the model and 
produced ambiguous results. The coarse spatial resolution of the hydrodynamic 
module did not properly portray these landscape features. Consequently, the con- 
version of habitats within hydrodynamic cells with increased Manning’s coeffi- 
cients could not be differentiated between those due to actual landscape dynamics 
and those that were an artifact of the modeling approach. Increasing Manning’s 
coefficients in 100-km 2 hydrodynamic cells was a questionable approach to sim- 
ulate linear levees in the basins (Kadlec, 1990). 

Simulations of each basin without modifications, referred to as the Normal 
Conditions (NC), exhibited continued land loss totaling over 1100 km 2 for each 
basin during the 30-year period. Such losses exemplify the dominant role of rela- 
tive sea-level rise in abandoned delta lobes and demonstrate that regardless of the 
option selected, management plans can only serve to retard land loss rates in these 
basins. Plans that have the greatest potential in this respect must directly counter- 
act losses of elevation, such as river diversions. 

The results of this study prove the value of models that link ecological and 
physical processes through space and time and demonstrate the use of spatial 
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landscape models to predict the response of environmental systems to human 
modifications. The mechanistic and spatial nature of this model allows for the in- 
vestigation of cause and effect of the regional processes acting upon any location. 
Long-term effects may only be discovered using this type of mechanistic models, 
which include feedback among different modules. The model preserves the as- 
sumptions and impacts of each scenario throughout the entire simulated period. 
This is one of the advantages of using such an approach to evaluate natural 
processes with a regional perspective instead of extrapolations (statistical or ex- 
pert based) of current trends. 
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6.1 Introduction 

The Everglades region of south Florida (USA) is currently a vast system of 
neotropical estuaries, wetlands, and uplands interspersed among agricultural and 
urban land uses. Starting in the early part of the 20th century, long stretches of 
canals were dug in attempts to drain the relatively pristine Everglades for agricul- 
ture. However, after severe flooding in 1947, the Central and South Florida 
(C&SF) Project was initiated, in this massive engineering feat, the U.S. Army 
Corps of Engineers developed an elaborate network of canals, levees, and water 
control structures to improve regional flood control and water supply (Light and 
Dineen, 1994). It was ultimately very effective in managing water for those pur- 
poses, enhancing the development of urban and agricultural sectors of the region. 
Dramatic increases in such land uses were seen during that century, significantly 
reducing the spatial extent of the “natural” Everglades system by the mid-1970s. 
Agricultural and urban development has generally continued through the present 
day, particularly along the corridors east and north of the Everglades. Although 
the C&SF Project led to a reduction in spatial extent of the Everglades, it also 
fragmented the once-continuous Everglades wetlands into a series of large 
impoundments. 

Water historically flowed from the northern parts of the region into and 
through the Everglades largely as overland sheet flow. This flow regime changed 
to point releases at the pumps and weirs of water control structures. Operational 
criteria for these managed flows dictated the timing and magnitude of water dis- 
tribution into and within the Everglades, further modifying its hydrology. Many 
of these inflows also carried higher loads of nutrients into the historically olig- 
otrophic Everglades, as a result of agricultural and urban development. The al- 
tered distribution and timing of flows in a fragmented watershed, combined with 
increased nutrient loads into the Everglades, changed this mosaic of habitats. In- 
creasingly, the public and scientific communities were concerned that ecological 
structure and function would continue to decline within this nationally and inter- 
nationally protected landscape. In the late 20th century, it became apparent that 
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revisions in the infrastructure and operations of the C&SF Project were necessary 
in order to halt further ecological degradation, and a plan to restore the Ever- 
glades was developed by federal and state agencies (USACE and SFWMD, 
1998). After years of effort, under a schedule accelerated by approximately 2 
years, the Comprehensive Everglades Restoration Plan (CERP) was developed, 
and it is starting to be implemented as a 30-year project to address the future of 
south Florida’ s ecology — while also enhancing urban and agricultural water sup- 
ply for what is anticipated to be a doubling of the regional population by 2050. 

In the Everglades, the existing management infrastructure bisects the area into 
a series of impoundments, or Water Conservation Areas (WCAs). Everglades Na- 
tional Park is south of these WCAs, and Big Cypress National Preserve is to the 
west (Fig. 6.1). Agricultural land uses dominate the area just north of the Ever- 
glades, whereas extensive urban land uses predominate along the eastern bound- 
ary of the Everglades. Lake Okeechobee, historically bounding the northern 
Everglades marshes, is now connected to those marshes via canal routing. 

Anthropogenic nutrient enrichment was introduced into the Everglades from 
the management of agricultural, and to a lesser extent, urban runoff. Because of 
the significant negative impacts of this nutrient loading on the naturally olig- 
otrophic system, a series of wetlands is being created along the northern periph- 
ery of the Everglades. These stormwater treatment areas (STAs) are intended to 
serve as natural nutrient biters to remove nutrients (primarily phosphorus) from 
waters bowing into the Everglades. The brst constructed wetlands to be in opera- 
tion appear to be effective in reducing phosphorus concentrations well below the 
interim target of 50 pg/L (Chimney et al., 2000; Nungesser et al., 2001) and will 
be supplemented with other phosphorus-removal mechanisms to reduce inbow 
concentrations to the threshold target, anticipated to be 10 pg/L. 

Although water historically bowed from the northern Kissimmee River and 
Lake Okeechobee to the south and somewhat to the east, the managed system en- 
ables a variety of bow distributions. Operation of the entire system for bood con- 
trol, water supply, and the environment is governed by a complex set of rules 
adopted and modibed over time by the South Florida Water Management District 
and the U.S. Army Corps of Engineers. Control over this system is managed by 
operating a large number of pumps, weirs, and culverts to pass water into the 
canals and wetlands, distributing it as needed in various parts of the regional sys- 
tem. Thus, different regions of the Everglades experienced different hydrologic 
regimes, often to the detriment of the wetland ecosystems. Under the CERP, there 
will be signibcant decompartmentalization of the levees impounding parts of the 
Everglades, increased storage above and below ground, and modibed bows 
throughout the south Florida landscape (USACE and SFWMD, 1998). 

Changes to the hydrologic and nutrient management under the CERP is antici- 
pated to provide some level of restoration of the Everglades system. However, 
there is signibcant uncertainty in the potential ecological response. In order to try 
to reduce some of this uncertainty, (1) predictive simulation models are being used 
to rebne the plan and (2) an extensive monitoring and adaptive assessment proce- 
dure (CERP Team, 2001) is being implemented. The primary simulation tool used 
to date is the South Florida Water Management Model (SFWMM), a model with 
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Figure 6.1. Major regions in south Florida and the domains of the Everglades Landscape 
Model (ELM) and the South Florida Water Management Model (SFWMM). 



rule-based management of water flows and resultant water levels in the entire 
south Florida region, from Lake Okeechobee to the southern Everglades (Fig. 6.1) 
(HSM, 1999). Most of the Everglades restoration targets were derived from the 
Natural System Model. This hydrologic companion to the SFWMM is basically 
the SFWMM with the water management infrastructure removed, adjusting vari- 
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ous data to attempt to simulate the regional hydrology prior to any drainage efforts 
(SFWMD, 1998). The Everglades Landscape Model (ELM) is a regional-scale, 
process-oriented simulation tool designed to develop an understanding of the eco- 
logical interactions in the greater Everglades landscape. The ELM integrates mod- 
ules describing the hydrology, biogeochemistry, and biology of ecosystems in a 
heterogeneous mosaic of habitats that comprise the Everglades. 

The ELM has been used as a research tool to better understand the dynamics of 
the Everglades, enabling hypothesis formulation and testing. This is a critical, on- 
going application of the model. However, one of the primary objectives of this 
simulation project is to evaluate relative ecological performance of alternative 
management scenarios. The objectives of this chapter are to review the iterative 
sequence in model development, demonstrate some aspects of its current level of 
performance through calibration and scenario evaluations, and discuss its current 
and anticipated application to Everglades restoration plans. 



6.2 Model Development 

Central to the ELM structure is division of the landscape into square grid cells to 
represent the landscape in digital form. Currently, all of the attributes of a model 
grid cell are assumed homogeneous in the ELM. Superimposed on this grid are 
canal/levee vectors that define the hydrologic basins and provide for rapid flow of 
water through the managed system. Covering the existing Everglades from the 
WCAs to Big Cypress and Everglades National Park (Fig. 6.1), the ELM uses a 
1.0-km 2 -grid cell resolution over a 10,394-km 2 domain. This model was designed 
to be explicitly scalable and has been applied at finer resolution for particular ob- 
jectives. For the current serial version encompassing the full ELM domain, com- 
putational complexity in the hydrologic modules generally constrains us to the 
1 .0-km 2 -grid cell resolution. 

In order to capture the general ecosystem dynamics, we explicitly incorporated 
the processes and feedback interactions among the physical, chemical, and bio- 
logical dynamics of the system (Fitz et al., 1996). Applying this in a spatial 
framework, we have been able to make useful predictions on a wide spectrum of 
ecological dynamics that describe ecosystem function in various habitat types 
across the landscape. Two critical landscape drivers in the Everglades are hydrol- 
ogy and nutrient dynamics. With appropriate simulation of the physical and bio- 
geochemical dynamics of the Everglades, we have simulated the response by 
macrophytes and periphyton, including their feedback on the system physics and 
chemistry. Evolving the landscape through vegetative succession in a simulation 
strongly depends on these dynamics. 

The vertical solution modules of the ecological processes are the most basic 
building blocks of the model, simulating the temporal dynamics of important bi- 
ological, chemical, and physical processes within a grid cell (Fitz et al., 1996). 
Growth of macrophyte and periphyton communities responded to available nutri- 
ents, water, sunlight, and temperature. Hydrology in the model responded di- 
rectly, in turn, to the vegetation via linkages such as Manning’s roughness coeffi- 
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cient and transpiration losses (Fitz and Sklar, 1999). Phosphorus cycles included 
uptake, remineralization, sorption, diffusion, and organic soil loss/gain. Different 
vegetative habitats have unique parameter values, but all habitats solved the same 
set of ecological vertical dynamics. 

6.2. 1 Model Structure Modifications 

We have been continually evaluating and enhancing the ELM since its initial con- 
ceptualization and development in the early 1990s (Costanza et al., 1992; Fitz et 
al., 1993). The original suite of ecological modules have been significantly mod- 
ified in several major iterations, starting with the spatial implementation in WCA- 
2 A (Fitz and Sklar, 1999). After evaluation of that model version, we found it 
necessary to enhance the phosphorus biogeochemical dynamics in order to cap- 
ture the wide range of behaviors in some of the storages and rates of change. Pri- 
mary modifications to the codes from version 1.0 to 2.1 involved (1) variable car- 
bon : phosphorus stoichiometry in all modules that track organic matter, (2) the 
incorporation of a dynamic, highly labile flocculent soil layer, and (3) numerous 
enhancements to increase the efficiency of the program execution. Figure 6.2 
shows these changes in an updated version of the conceptual basis of the General 




Figure 6.2. The conceptual model of the Everglades Landscape Model. State variables 
are in ovals., linked by the major flow pathways among those variables. Abbreviations: P 
= phosphorus; C = carbon; OM = organic matter; Photo-Bio = photosynthetic biomass 
of macrophytes; NonPhoto-Bio = nonphotosynthetic biomass of macrophytes; Standing 
Detr. = standing dead detritus; Floe = flocculent layer on/above soil. 
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Ecosystem Model (GEM) (Fitz et al., 1996) within the ELM, indicating the major 
interactions among the model state variables. 

Raster cell surface and groundwater flows were solved using a finite-differ- 
ence, Alternating Direction Explicit (ADE) technique, providing for propagation 
of water and waterborne constituents (e.g., salt and nutrients) across space. Al- 
though another technique is available for propagation of surface water across 
multiple cells within larger time steps (Voinov et al., 1998), the standard ADE 
technique was preferable regarding our needs in the incorporation of canal/levee 
vectors and explicit surface-groundwater interactions. Subsurface groundwater 
(horizontal) flows are critical in particular subregions where hydraulic conductiv- 
ity values are significantly greater than 10,000 m/day 1 . In version 2.1, surface and 
groundwater interactions were calculated within the groundwater module, using 
an enhanced mass balance approach that evaluated capacities following overland 
and groundwater flow calculations. 

Canals and associated levees were represented by a set of vector objects (Fig. 
6.3a) that interact with a specific set of raster landscape cells. This allowed for 
flux of water and dissolved constituents over long distances (along multiple grid 
cells) within a time step. Flows through water control structures were driven by 
daily flow data, using either historical observations (for calibration runs) or out- 
put from the SFWMM for management scenarios. Within each canal reach, water 
and dissolved constituents were distributed homogeneously along the entire 
reach, with an iterative routine allowing exchange among the grid cells along the 
canal such that an equilibrium is achieved between rates of exchanges from the 
grid cells and from the canal reach. For some very long canal reaches, the reach 
was bisected by “virtual” structures that partition the subreaches, equilibrating 
their hydraulic heads within one time step. These virtual structures effectively al- 
lowed dissolved constituents to exchange with grid cells in the upstream portion 
of the canals, preventing the instantaneous equilibration of concentration of 
newly input nutrients or other dissolved constituents along the full length of the 
canal that would otherwise occur in the absence of such partitioning. 

The Spatial Modeling Environment (SME) (Maxwell and Costanza, 1995) in- 
tegrated all of the spatial and nonspatial solutions and coordinated input/output in 
the ELM. The SME that we employ is a modification of the earlier (C language) 
SME v. 2 codes, with the primary changes involving a variety of new input and 
output routines, the sequencing and integration of the vertical solution modules, 
user-input options, and other customizations desired for implementation of the 
ELM. One such modification added to version 2. 1 calculated water and phospho- 
rus mass budgets for user-defined regions within the model domain. These mod- 
ules determined all inputs and outputs for each region, also verifying that no mass 
balance errors accumulate in these variables. 

Spatially explicit data such as habitat type, elevation, and canal vectors are 
maintained in Geographic Information System (GIS) layers. Other relational 
databases store time-series inputs (e.g., rainfall) and parameters that vary with 
habitat (e.g., growth rates). The data structure organizes the information and alle- 
viates the need to recompile the model code when evaluating the effects of differ- 
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Figure 6.3. (a) Water control structure locations and canal reach segments in the ELM. 

with the latter coded numerically for model implementation, (b) Generalized schematic of 
the major flow directions associated with the infrastructure of the managed system. STAs 
are indicated in shaded polygons. See the accompanying CD for enhanced interpretation 
using a color figure. 



ent management scenarios. This becomes an important characteristic when the 
model is used across multiple projects at varying scales and for testing a large 
number of alternatives with short turn-around time for results. 



6.2.2 Model Inputs 

The ELM used SFWMM initialization input data wherever appropriate: (1) the 
elevation map was interpolated from SFWMM grid cell midpoint data; (2) rain- 
fall was directly input (without rescaling) from the historical daily spatial time- 
series data generated for the SFWMM; and (3) saturated hydraulic conductivity 
was calculated from spatial data on transmissivity and aquifer depth used in the 
SFWMM, again using an interpolation routine to scale the data to the ELM grid 
resolution. 
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Calibration Input Assumptions 

The initial (1979) soil phosphorus (P) concentration, bulk density, and percent or- 
ganic matter were assumed to be similar in pattern (but not in magnitude) to those 
observed in the Everglades during the early to mid-1990s (DeBusk et al., 1994; 
Newman et al., 1997; Stober et al., 1998). The highest soil P concentrations in 
those studies were found in northeast WCA-2A. Point locations in this area had 
previously been sampled in 1975, resulting in values of 420^140 mg P/kg (Davis, 
1989). Based on these historical data, we proportionately reduced the mid-1990s 
soil P data to values between the lowest background concentration and a maxi- 
mum of 450 mg P/kg. 

Phosphorus concentrations in daily inflows to the ELM domain were available 
at a frequency on the order of biweekly to monthly. To fill in missing data for the 
required daily concentrations, a linear interpolation method was used (Walker, 
pers. comm.). Concentrations in flows internal to the ELM domain were calcu- 
lated by the model. We assigned rainfall to have a concentration of 20 |xg/L, re- 
sulting in total annual atmospheric deposition that was generally on the order of 
27 mg P/m 2 /year. 

Scenario Input Assumptions 

There are two basic scenario conditions that we evaluated. The “1995 base” (or 
current base) represents water management infrastructure and operations that are 
currently used. The “2050 base” (or future base) simulates water management that 
is planned to be operational in the future. These base-case scenarios were designed 
to predict how the regional system would have responded, under the observed 
1965-1995 climate, to the proposed management operations. The base simulations 
incorporated numerous hydrologic assumptions on the structures and operations of 
the managed system (USACE and SFWMD, 1998). All managed flows through 
water control structures in the ELM were driven by daily output data from these 
SFWMM (v. 3.5) 1995 base and 2050 base runs (USACE and SFWMD, 1998). 

The ST As that are being constructed in the northern part of the Everglades 
were designed to improve water quality of the inflows into the Everglades. Figure 
6.3b shows the location of the STAs and a generalized schematic of the nature of 
the flows within the managed system. The objective of the scenario simulations 
was to compare how the system would have potentially responded with and with- 
out STAs starting in 1965, initializing the model with relatively oligotrophic soils 
and vegetative biomass. 

In simulating the long-term response of the landscape to reduced phosphorus 
inflows from STAs, we made a variety of ecological assumptions. In our 1995 
base, water flows through boundary inflow structures were assigned P concentra- 
tions at the fixed, long-term observed (1979-1995) mean, which varied among 
the different structures from 10.8 to 170 |xg/L. For the 2050 base, the STAs were 
assumed to remove phosphorus at varying efficiencies. A fixed concentration of 
50 |xg/L was applied to all boundary inflows in the 2050 base, 50 |xg/L scenario. 
Similarly, a concentration of 10 |xg/L was applied to all boundary inflows in 2050 
base, 10 |xg/L scenario. 
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6.3 Model Calibration 

Development and refinement of a landscape model at this level of complexity is 
far from a one-step procedure. Some of the first steps in ELM development and 
refinement involved the unit, or nonspatial, model component of the simulation 
system. Significant efforts were made to determine the appropriate levels of algo- 
rithm aggregation, including and omitting particular ecological modules or algo- 
rithms as development proceeded. A large concern was, and continues to be, the 
optimization of the model algorithms to (1) capture the targeted, fundamental 
ecosystem responses while (2) avoiding algorithm extension (too far) beyond ex- 
isting ecological knowledge (i.e., data). The resulting GEM (Fitz et al., 1996) can 
be applied to a variety of ecosystem types. As this fundamental building block be- 
came better refined and demonstrated appropriate ecosystem dynamics for vary- 
ing habitat types, we focused on integration of the nonspatial and the spatial mod- 
ules. Although it is generally necessary to work within a spatial framework to 
fully evaluate and calibrate the ELM, we continue to maintain an independent 
unit model for algorithm development/testing and parameter optimization. 

In the early implementations of the ELM, we were able to approximate some of 
the fundamental ecosystem dynamics across the Everglades landscape. The 
model simulated short-term (several year) water depths and surface water phos- 
phorus concentrations, showing that the spatial pattern was reasonable compared 
to general observations (Fitz et al., 1995a). Moreover, dynamics of other mod- 
ules, such as live macrophytes, responded appropriately to changing conditions 
and stayed within reasonable dynamic ranges. This “ballpark,” or “Level 1,” cal- 
ibration was primarily useful in demonstrating the potential utility of the model — 
and in defining avenues for model enhancement. 

In parallel with the full ELM testing, we implemented the ELM code in a 
smaller subregion of the Everglades, primarily as a tool for facilitating model un- 
derstanding. This Conservation Area Landscape Model (CALM) had less com- 
plexity in habitat distributions and simpler water management infrastructure rela- 
tive to the full ELM, and we were better able to discern the spatially explicit 
ecological interactions. At this point, we performed rigorous sensitivity analysis 
on the modeling system, employing three levels of spatial complexity: (1) the unit 
model, (2) the CALM, with two encoded habitat types and little internal water 
management infrastructure, and (3) the ELM, with (at that time) 1 1 habitat types 
and a complex water management infrastructure. That analysis (Fitz et al., 1995b) 
allowed us to investigate a large number of parameter sensitivities at the ecosys- 
tem level, then progressively evaluate their influence in the landscape(s) as spa- 
tial complexity increased. There were a number of parameters, such as plant 
phosphorus uptake rates and antecedent soil nutrient concentrations, that had rel- 
atively high uncertainty but significant effects on results at the unit model and 
landscape scales. With an improved understanding of the weaknesses of the 
model and supporting data, the next steps were to utilize more data observations 
and enhance the model algorithms to improve model performance. 

During this development, field and mesocosm research had been progressing to 
the point where significantly more information was accumulating on Everglades 
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system dynamics. In particular, the Phosphorus Threshold Program, incorporat- 
ing ecosystem process experiments and synoptic measurements along an existing 
phosphorus gradient in WCA-2A, led to improved simulations of phosphorus cy- 
cling in the ELM. Model development at this point centered on enhancements to 
better simulate the ecological responses to the observed nutrient gradient in 
WCA-2A (Fig. 6.4). Although this is one “small” (433 km 2 ) subregion of the 
Everglades, many ecological processes can be generalized across much of the 
Everglades. This is an important assumption that we are evaluating as data from 
other Everglades subregions are becoming available. Although we fully recog- 
nize distinctions within the Everglades, the CALM has proved to be applicable, 
with some limitations, to other areas. WCA-2A may be considered representative 
of many Everglades habitats in some critical respects. For example, sawgrass will 
respond similarly to environmental changes in water depths or nutrient loads in 
WCA-2A compared to other areas with similar antecedent conditions. Similarly, 
soils in WCA-2A will respond to drying in the same way in other regions with 
similar antecedent conditions. Of particular value is the distinct gradient in eu- 
trophication within WCA-2A, allowing us to refine the model to capture changes 
in ecological responses along this gradient. 




Figure 6.4. Observed soil phosphorus gradients in 1991 (DeBusk et al. 1994), sampling 
sites along one gradient, and water control structure flows in WCA-2A. (Based on data 
from DeBusk et al., 1994.) 
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6.3.1 Version 1.0 

We evaluated the performance of the WCA-2A model implementation (i.e., 
CALM) with respect to water stage, surface and pore water phosphorus (P), peat 
accumulation, macrophyte and periphyton biomass, and macrophyte and periphy- 
ton succession. In general, the model was able to capture the critical changes in 
these variables when compared to available observations (Fitz and Sklar, 1999). 
Captured by the relatively fine-scale (0.25-km 2 ) grid of this model is the ridge and 
slough heterogeneity along the general north-south elevation gradient. Deeper 
sloughs are interspersed with elevated ridges, and elevation slowly decreases 
about 1.5 m across the landscape. Figure 6.5a shows the hydrologic model re- 
sponse to these features, with ponded surface water depth and hydroperiod (or 







Water depth 







Soil 

decomposition 




Porewater 

phosphorus 




Surface water 
phosphorus 




Macrophyte 

biomass 

c 

Periphyton 

biomass 




Low 



Figure 6.5. Spatial relationships of model responses in WCA-2A (calibration run, ver- 
sion 1.0). Model outputs are snapshots of 1 -month mean attributes after 10 years of simu- 
lation. See the accompanying CD for enhanced interpretation using a color figure. 
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days per year having positive ponding depth) following the ridge and slough 
topography and increasing down the north-south topographic gradient. 

The WCA-2A eutrophication gradient downstream of the S-10 structures (Fig. 
6.4) was very evident in the simulation results. There were high levels of surface 
water phosphorus, pore water phosphorus, and microbial activity (soil decompo- 
sition) near the inflow region, decreasing significantly toward the interior of 
WCA-2A (Fig. 6.5b). Soil decomposition from microbial activity responded pos- 
itively to the downstream P transport (and thus increased soil P availability) from 
the S-10 inflows. Also evident was the increased soil mineralization in areas of 
shorter hydroperiods along some of the higher elevation ridges and in the north- 
ern section of the impoundment. 

Macrophytes increased dramatically in response to elevated pore water soil P 
in the upper portion of the eutrophication gradient (Fig. 6.5c). The model also 
simulated increased macrophyte biomass as a result of elevated soil P along some 
of the ridges (as a result of increased mineralization of organic P). The olig- 
otrophic periphyton community in the model was, as observed in nature, gener- 
ally distributed throughout much of the region, but at lower densities in upper el- 
evations and ridges as a result of shorter hydroperiods compared to areas of lower 
local elevation. In a contrary response relative to macrophytes, this periphyton 
community decreased in biomass in the upper zone of the nutrient gradient. As 
observed in the field (McCormick and O’Dell, 1996), the simulated periphyton 
community responded negatively to higher surface water P, whereas macrophyte 
shading reduced light availability and also significantly constrained its growth. 

Using a 17-year period of record of water stages at one gauge in central WCA- 
2A, we were able to closely approximate the observed water levels that varied 
dramatically across a time period of extreme drought and extreme rainfall (Fitz 
and Sklar, 1999). Ecologically, the changes along the nutrient gradient were com- 
parable to the observed data that were available for the later part of the simulation 
period (1995-1996). Although there was substantial variation in observed data, 
the model and observed data indicated a similar decrease in surface water P con- 
centration with increasing distance from the canal with the S-10 inflow structures 
(Fig. 6.6a). A steep decline in pore water P was similar in magnitude to that 
which was observed (Newman, personal communication, 1998), declining to 
near-background concentrations after more than 6 km downstream (Fig. 6.6b). 
The simulated decline in the rate of peat accretion (Fig. 6.6c) along the gradient 
was similar to the long-term cesium-137 accretion data of Reddy et al. (1993) and 
Craft and Richardson (1993). Finally, biomass of sawgrass and cattail macro- 
phyte communities decreased as distance from the canal increased (Fig. 6.6d), 
with the magnitude of the changes similar to observed data (Miao and Sklar, 
1998). 

Succession of macrophytic vegetation is another critical landscape dynamic 
that we desire to capture with adequate realism. Whereas there are a variety of 
processes that drive succession, a primary driver of transitions of sawgrass to cat- 
tail is that of elevated soil nutrients. The model was able to match the observed 
(Reddy et al., 1991) pattern and magnitude of pore water P in WCA-2A, showing 
a pattern of high concentration adjacent to the S-10 inflow structures, in addition 
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Figure 6.6. Model (version 1.0) calibration results along the WCA-2A eutrophication 
gradient downstream of the canal and S-10 structures (shown in Fig. 6.4): (a) surface water 
phosphorus concentration; (b) pore water phosphorus concentration; (c) peat soil accre- 
tion; (d) macrophyte biomass. Observed and model data encompass the 1994-1996 period. 
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Figure 6.7. Model (version 1.0) calibration results of (a) pore water phosphorus in 1991, 
(b) sawgrass and cattail distribution in 1991, and (c) sawgrass and cattail distribution in 
1995. See the accompanying CD for enhanced interpretation using a color figure. 



to an elevated mineralization response to shorter hydroperiods and higher con- 
centrations in the ridge habitats further downstream (Fig. 6.7a). Largely respond- 
ing to this increased available phosphorus, macrophyte communities shifted from 
sawgrass to cattail during the 17-year simulation (Fig. 6.7b and 6.7c). Simulated 
cattail cover increased from 44 km 2 in 1991 to 117 km 2 in 1995, compared to ob- 
servations of 53 and 95 km 2 , respectively (Rutchey and Vilchek, 1999). 
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Figure 6.8. Shaded polygons of indicator regions and point locations in the Everglades 
for monitoring (a) stage and (b) water quality. Circled indicator regions are used in exam- 
ple analyses of model scenario runs. 

6.3.2 Version 2.1 

Although the version 1 .0 model dynamics captured many of the patterns and gen- 
eral magnitudes of the critical ecosystem dynamics, it was desirable to enhance 
some of the model capabilities. Although we have not fully evaluated and cali- 
brated all of the ecological dynamics across the entire region, their dynamics 
were improved over the previous version and we have sufficiently calibrated the 
hydrology and surface water quality (with respect to total phosphorus) for useful 
model application throughout the ELM domain. In this subsection, we review a 
subset of the calibration analyses for hydrology and surface water quality. Other 
data on this current (v. 2.1, May 2001) calibration are archived in the Model Re- 
sults section at the ELM website (Fitz, 2001). 



Hydrology 

It was necessary to ensure that the ELM hydrology was comparable to field ob- 
servations and SFWMM output. Thus, we compared the ELM-simulated stages to 
those observed in the field and to those simulated by the SFWMM. We used over 
40 stage monitoring gauges located throughout the Everglades landscape for the 
ELM calibration run (Fig. 6.8a), comparing model to observed daily stage data 







158 Carl Fitz, et al. 



every 7 days. The 17-year period of record for this simulation spanned periods of 
extreme rainfall (1994-1995) and extreme drought (1989-1990). A regression 
analysis of goodness of fit of the ELM output to observed stage data for each 
gauge had an R 2 value that averaged 0.65 for all stations, with an average root 
mean square error (RMSE) of 15 cm. Two stage hydrographs with statistically 
low correlations ( R 2 0.5) are shown in Figure 6.9. The NP-206 gauge is in the 

short-hydroperiod, marl prairie habitat of Everglades National Park, and the NP- 
36 gauge is a dozen miles to the west in Shark River Slough, a long-hydroperiod 
slough habitat. Despite the relatively low R 2 in these examples, observed and sim- 
ulated water stages fluctuated very similarly. Because a very substantial propor- 
tion of the time series was well matched by the models, it appeared that the ELM 
and the SFWMM performed effectively in both of these different hydrologic 
regimes. Both models had a generally similar pattern when they mispredicted 
several of the extreme drydown events recorded at the gauging stations, even 
though other drydown events of similar magnitude were well predicted by the 
models. 

We compared ELM and SFWMM hydrologic budgets for major basins, evalu- 
ating the degree to which surface and subsurface inputs and outputs were consis- 
tent between the models. The hydrologic budgets that quantify all of the inflows 
and outflows associated with major hydrologic basins (such as impounded 
WCAs) provided a useful hydrologic check. Because of significant scale differ- 
ences between the models (with the ELM being 10 times finer in grid resolution), 
there were basin-surface area differences between the models when partitioning 
the irregular basins. To better normalize some of these scale differences, the 
flows were expressed as a height across each model’s basin. The 30-day mean 
flows, on an annual basis, for WCA-3A were generally on the order of less than 
1-cm difference between models (Fig. 6.10), representing a reasonable degree of 
concordance. Note that even though the two models used the same rainfall inputs, 
there were some differences in the rainfall budgets (as much as 0.84 cm), which 
are due to the somewhat different surface coverages of the models’ basin defini- 
tions. The discrepancy in surface water outflow (through the gap in the western 
levee of WCA-3A) was indicative that ELM calculated somewhat higher flows in 
1994 and 1995. Budget comparisons for five other major basins are archived at 
the ELM Web site. 

Water Quality 

Surface water transport and the fate of phosphorus is driven, in the model and in 
the Everglades, by both hydrologic flows and ecological responses. Although we 
have not fully evaluated and calibrated all ecological variables in the range of 
soils and habitats throughout the Everglades, their responses have shown im- 
provement over those of ELM version 1.0. We used over 40 monitoring locations 
located throughout the Everglades landscape for the ELM surface water quality 
calibration (Fig. 6.8b), comparing model 30-day means to observed monthly 
mean observations where available (although there were generally no more than 
two observations per month). The model captured the general trends of decreas- 
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Figure 6.10. Model (version 2.1) calibration results for hydrology, showing the flow differences between the ELM and 
SFWMM simulations in the WCA-3A basin (1979-1995). 
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ing concentrations from the northern to the southern Everglades (Fig. 6.11). Sur- 
face water Total Phosphorus (TP) observations averaged 40 ± 38 (SD) |xg/L at 
the S-l 1 structures in the northern part of the system, with a lower mean of 17 ± 
20 |xg/L at the S-12 structures flowing into Everglades National Park. The model 
predicted 30 ± 29 |xg/L at the S-l 1 sites, with a mean of 13 ± 13 |xg/L at the 
S-12 sites. The model was generally able to capture short-term increases and de- 
creases in P concentration, staying within appropriate ranges of concentrations as 
the P concentration fluctuated dynamically. For example, at the S-ll site, con- 
centrations were on the order of 100 |xg/L in mid- 1985, decreasing to less than 25 
|xg/L in the latter part of the year. This dynamic was captured in the simulation. 
Likewise, an observed spike to approximately 200 |xg/L in mid- 1986 was pre- 
dicted by the model at that site. Concentrations at the S-12 sites had few excur- 
sions above the 10-20-|xg/L range, but the large peak to >100 |xg/L in mid-1985 
and prolonged excursions up to 40-50 |xg/L in 1989 and 1990 were captured rea- 
sonably well by the model. As with the hydrologic calibration, other comparisons 
of model to observations are archived in the ELM Web site. 

The distribution of simulated surface water quality across the landscape is 
shown in Figure 6.12, highlighting the major zones of P input in the northern 
Everglades. Relatively high concentrations of phosphorus were distributed along 
the canal system, with overland flow across the marsh attenuating the concentra- 
tion as the soils and vegetation sequestered the nutrients. Whereas the region 
south of the WCAs in Everglades National Park was relatively low in concentra- 
tion compared to many of the regions in the north, there were relatively broad re- 
gions with somewhat high P levels. This may be explained by the fact that these 
areas (alongside the Shark River Slough which runs northeast to southwest) are 
comparatively high in land elevation, and their shorter hydroperiods resulted in 
increased soil mineralization. Because of the lack of adequate topography and hy- 
drography in the southwest mangrove region (outside of the domain of the 
SFWMM; Fig. 6.1), it is not adequately captured in current model dynamics. 



6.4 Model Application 

In this application of ELM, we evaluated landscape phosphorus dynamics with 
and without the ST As. The scenario simulations reflected the system responses 
had it been managed differently during the 1965-1995 climate years. The 1995 
base, assuming “current” operations, without treatment of inflow waters by STAs, 
demonstrated eutrophication in the Everglades that would have occurred in the ab- 
sence of these biological biters for the inflow waters. The 2050 (future) base was 
driven by altered water management, with the STAs in place in order to remove 
significant phosphorus mass from surface inflows to the Everglades. In an indica- 
tor region immediately (0-2 km) south of the S-10 inflow structures of WCA-2A, 
the ELM showed macrophyte biomass increasing from 1965 through the end of 
the simulation in 1995. Accelerated P uptake was indicative of this growth, which 
became much greater than that of the 2050 base in the 1980s and 1990s (Fig. 
6.13a). Owing to the deleterious combined effects of high surface water P concen- 
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Figure 6.12. Model (version 2.1) calibration results for TP concentration in surface 
water, showing the 17-year means distributed across the landscape. See the accompanying 
CD for enhanced interpretation using a color figure. 
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trations and increased macrophyte shading, oligotrophic periphyton productivity 
was lower in the 1995 base compared to the 2050 base, with 10 pg/L phosphorus 
concentrations in inflow waters (Fig. 6.13b). Early in the simulation, this periphy- 
ton community existed in this region under 1995 base conditions, but at lower pro- 
ductivity levels than those of the 2050 base. As macrophyte productivity and bio- 
mass increased in the 1995 base, the periphyton was increasingly shaded and 
effectively disappeared. Productivity continued to respond dynamically to changes 
in low-level nutrient inputs and water levels in the 2050 base. 

The response of the biological communities varied along nutrient gradients, 
depending on the nutrient loads in the simulations and on the proximity of the 
areas to the phosphorus inflows. We compared the 1995 base with two imple- 
mentations of the 2050 base: one with 10 pg P/L and one with 50 pg P/L in the 
inflow waters. We analyzed two example gradient regions, circled in Fig. 6.8. The 
indicator regions in WCA-2A south of the S-10 structures are in relatively close 




Figure 6.13. Model (version 2.1) scenario results in the indicator region immediately 
downstream of the S-10 structures in WCA-2A: (a) monthly mean phosphorus uptake rate 
by the oligotrophic periphyton community; (b) monthly mean phosphorus uptake rate by 
all macrophytes in the indicator region. 
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proximity to anthropogenic nutrient loading, whereas the indicator regions in 
Everglades National Park (ENP) south of the S-12 structures are more indirectly 
affected by P loading in the northern part of the system. The 31 -year mean and 
maximum P concentrations in the surface water declined steeply with distance 
from the inflows in the 1995 base simulation in the WCA-2A region, whereas 
there was less change down- gradient in ENP (Fig. 6. 14a). Neither 2050 base case 
demonstrated a significant change in mean concentrations along either spatial 
gradient, although the maximum monthly mean concentrations declined along the 
gradient in the 2050, 50 |xg/L case in WCA-2A. The magnitude of that difference 
was relatively small. In all of the cases, the 1995 base showed substantially 
higher P concentrations relative to the 2050 base cases. In these particular indica- 
tor regions, both 2050 base cases resulted in approximately background, olig- 
otrophic, surface water concentrations on the order of 5 |xg P/L. 

Phosphorus accumulation in the soils and biota within the indicator regions 
generally reflected the pattern of surface water concentrations, showing similar 
trends along spatial gradients in the scenarios (Fig. 6.14b). However, the phos- 
phorus accumulation (and loads) provided indications of eutrophication that 
were somewhat obscured in the long-term mean surface water concentrations. 
The furthest downstream (U3) region in WCA-2A, considered by some to be 
relatively unimpacted from significant anthropogenic nutrients, accumulated 
more P than the gradient regions to the south in the ENP. Relative to the ~27 mg 
P/m 2 /year being input to the system from atmospheric sources, all of the indica- 
tor regions were impacted by overland P loads in the 1995 base. Only when in- 
flow concentrations were reduced to 10 |xg P/L (2050 base, 10 |xg P/L) did the 
total net accumulation in all indicator regions approximate that from atmos- 
pheric inputs alone. 



6.5 Discussion 

The development of the ELM involved an iterative procedure of evaluating the 
model’s performance at various scales and for different submodule objectives. 
Some of the earliest applications demonstrated that the model simulated general 
spatial patterns of ecological processes in a reasonable manner, demonstrating the 
applicability of the general concept of the model algorithms. The fundamental 
structure of the ELM remains very similar to that in its early development. How- 
ever, simplifications were made to some modules, and complexity was increased 
in other parts of the model. In balance, the model has increased slightly in com- 
plexity, but also has undergone a significant increase in computational efficiency 
(with ~12 h run times for 31-year simulations on a high-end Unix workstation). 
We are designing a variety of further enhancements which will somewhat in- 
crease model complexity, but are being considered in order to increase our ability 
to address research and management questions with better realism. These antici- 
pated modifications include multiple grid resolutions and enhanced vegetative 
succession algorithms in order to best capture changing habitat distributions 
within the Everglades. 
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Figure 6.14. Model (version 2.1) scenario results in the gradients of indicator regions in 
WCA-2A and in ENP: (a) 31 -year mean and maximum concentration of TP in surface water 
and (b) 31 -year accumulation of TP in soils and biota (with atmospheric phosphorus loading 
indicated for comparison). 
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A simpler model has been developed that simulates the surface water phospho- 
rus concentrations in response to changing flows in the Everglades (Raghunathan 
et al., 2001). This model used hydrologic flows and depths from the SFWMM, 
with phosphorus being introduced to the system at the boundaries and lost from 
the simulated system by a net phosphorus settling equation and by surface flows 
out of the domain. The net settling rate was considered homogenous within hy- 
drologic basins (e.g., WCAs) and used a single parameter that is a calibrated, sta- 
tistical representation of the physical settling, plant uptake, and all of the other 
ecological processes affecting phosphorus in surface water. No release from the 
soils was explicitly considered, such as increased soil oxidation under reduced 
hydroperiods. The model was calibrated at a basin-level scale for some areas, but 
was unable to be adequately calibrated for some large basins such as WCA-3A 
(Raghunathan et al., 2001). Nevertheless, it provided a way to estimate some of 
the phosphorus flows using the calibrated SFWMM hydrology. 

Another relatively simple landscape model of the Everglades employed a tran- 
sition probability approach to estimating the spread of cattail in WCA-2A ( Wu et 
al., 1997). Dynamic hydrologic changes were not considered, but the model 
proved effective in simulating the cattail spatial distributions in response to 
changing soil phosphorus from 1973 to 1991. With phosphorus loads and accre- 
tion assumed constant in time, the mechanisms of phosphorus transport and 
plant-soil interactions were not considered, and it has subsequently been found to 
overestimate cattail spread. A primary value of the model was its suggestion of a 
numeric value for soil phosphorus that was correlated to the transition from saw- 
grass to cattail habitats and, in particular, the analysis of the subsequent patterns 
of habitat fragmentation. 

With its focus on ecosystem dynamics within the greater Everglades, the ELM 
explicitly incorporated feedbacks among hydrology and the other ecological 
processes that define the landscape. The ELM assumed that there are important 
ecosystem interactions that affect the system dynamics, using simple process- 
based algorithms that described soil and vegetation responses to dynamic envi- 
ronmental conditions. The power of this process-based approach should be ap- 
parent when one considers that Everglades restoration initiatives embark upon 
entirely new suites of environmental regimes in particular regions, which more 
statistically based models would be unable to accommodate because they rely 
upon the continuity of historically observed conditions. 

In the ELM’s first application (Fitz and Sklar, 1999), we demonstrated realistic 
calibration of the model’s dynamics across the landscape over decadal time 
scales. One of the strengths of this model has been the ability to evaluate interac- 
tions among the ecological processes. Although Figure 6.5 is a static indicator of 
some of these interactions, it provides evidence of the cumulative and integrated 
effects of hydrology and nutrient loading on soil and plant attributes. Also impor- 
tant were the interactions among biological communities such as periphyton and 
macrophytes. The oligotrophic, or calcareous, periphyton community type re- 
sponds negatively (in the model and in nature) to elevated phosphorus concentra- 
tions (McCormick and O’Dell, 1996). Periphyton serve to sequester phosphorus 
at short time scales, whereas the macrophyte community takes up phosphorus 
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(primarily from soil pore water) and was observed to increase in biomass in zones 
of general eutrophication. One aspect of lowered periphyton biomass was the 
shading of light by macrophytes, accentuating the local reduction of periphyton 
biomass. Although many of the landscape variables in version 1.0 were found to 
be calibrated reasonably well, version 2.1 enhanced the model capabilities 
through a wider range of behaviors. 

Using ELM v. 2.1, we evaluated the calibration of two of the most important 
landscape drivers in this managed wetland system: hydrology and water quality. As 
determined from correlations between model and observed data at more than 40 lo- 
cations, the model’s hydrologic performance appeared to be suitable for applica- 
tions throughout the greater Everglades. Surface water quality output likewise 
demonstrated good matches to observed data over decadal time scales and widely 
varying environmental inputs, such that we could apply the ELM to evaluate sce- 
narios of changes in surface water quality in response to management changes. 

The ELM v. 2. 1 demonstrated that reduced nutrient concentrations entering the 
Everglades will be manifested in generally lower P accumulation and ecological 
responses in a spatially varying manner. The area of currently impacted regions 
may (arguably) be considered to be comparatively small relative to the entire re- 
gional extent: Figure 6.12 shows the simulated 17-year historical mean distribu- 
tion of phosphorus in surface water throughout the region, with the highest nutri- 
ent concentrations distributed along canals and discharge points in the managed 
system. Areas with reduced hydroperiods also had slightly higher concentrations 
than those of background or oligotrophic areas, but some of that signal is actually 
a concentration effect of very shallow water depths. Because of the potential for 
rapid sequestering (and recycling) of phosphorus introduced into surface waters, 
analysis of concentration changes over time is not wholly definitive of an area’s 
nutrient status. Beyond merely concentration, phosphorus loading or net phos- 
phorus accumulation (in soils and biota) are informative metrics to evaluate the 
trophic status of any area (indicator region) within the system. 

When we evaluated the P accumulation along existing (or potential) gradients 
of eutrophication in the model scenarios, we were able to discern the subtle, but 
critical, aspects of the altered phosphorus dynamics when loading to the Ever- 
glades was reduced via STA treatment. However, managers have not yet conclu- 
sively developed methodologies (Chimney et al., 2000; Nungesser et al., 2001) to 
reduce phosphorus down to 10-p.g/L concentrations at the outflow points in these 
constructed wetlands. Several scenarios of varying phosphorus-load reductions 
were evaluated, with simulations that demonstrated the (expected) decreases in 
phosphorus concentrations as distance from inflow points increased. While con- 
centrations in the surface water were indicative of the phosphorus loading, they 
were not necessarily a reflection of the magnitude of the eutrophication of a re- 
gion. Of interest in this regard was the U3 station in the middle of WCA-2A, 
which had a low long-term mean P concentration but exhibited indications of 
slight eutrophication under the 1995 base scenario (Figs. 6.14a and 14b). This 
area has generally been considered to be an oligotrophic “reference” site (Mc- 
Cormick and O’Dell, 1996) due to low background P concentrations. However, 
compared to areas much further removed from the canal discharges and high nu- 
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trient loads, P accumulation at the U3 site was high enough (>60 mg P/m 2 /year) 
in the 1995 base scenario to potentially cause some level of ecological change. 
Daoust (1998) found responses by macrophyte communities to loading rates as 
low as 40 mg P/m 2 /year. Only the model scenario with 1 0-jJLg P/L STA outflow 
concentrations (2050 base case) resulted in P accumulation rates that were in- 
dicative of near-background conditions in all of the selected indicator regions. 

The ELM provides a tool to help determine the spatial extent of impacts from 
altered inflows to the Everglades. Although the regions analyzed for this discus- 
sion are just a few examples within the model domain, management implications 
of these results are significant. As restoration plans are formulated, we will be 
evaluating the spatial distribution and magnitude of the reductions in phosphorus 
flow and loads throughout the system and providing the results in a readily avail- 
able format on our website. This will enable us to inform managers of areas with 
higher probabilities of phosphorus impacts under various scenarios of altered 
phosphorus inflow concentrations and flow distributions through the landscape. 
Although reductions in inflow phosphorus concentrations to ~50 |xg P/L will re- 
duce the levels of eutrophication in large areas of the system, it was evident from 
the simulations that further reductions will be necessary to achieve the goal of de- 
creasing further ecological impacts from continued phosphorus pollution. 

The current level of refinement and calibration of the ELM is such that we have 
focused primarily on the important water quality and hydrology landscape drivers. 
However, as in the earlier implementation of the model (in WCA-2A), our overall 
objectives involve understanding the full spectrum of ecosystem dynamics as 
management and environmental inputs change. Currently, many of the ecological 
dynamics are well simulated within most of the system, but some of the uncertain- 
ties associated with soil and habitat responses to these drivers need better charac- 
terization and analysis. The existing model algorithms and the data structure used 
in the ELM appear adequate to capture most of these dynamics, and we are work- 
ing with recently obtained data on landscape attributes in order to develop a final 
calibration for this version of ELM. As CERP projects proceed in the coming 
years, results posted on the ELM website (Fitz, 2001) should assist in evaluating 
the ecological responses of the Everglades to revised restoration alternatives. 
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7.1 Introduction 

Throughout the United States, much of the coastal zone is experiencing increas- 
ing developmental pressure that is causing a dramatic increase in nutrient loading 
to coastal estuaries (Kemp et al., 1983; Short et al.. 1993; Short and Burdick, 
1996; Twilley et al., 1985). Nutrient loading has led to increased abundance of 
nuisance algae, reduced oxygen content of water, decimated shell and hnfish, and 
many other changes in the structure and function of estuarine systems (Valiela et 
al., 1991). Submerged aquatic vegetation in coastal estuaries, such as eelgrass 
( Zostera marina L.), is particularly vulnerable to increases in nutrient loading 
(Kemp et al., 1983; Buzzelli et al., 1999; Short and Burdick, 1995). Short et al. 
(1993) have shown that the eutrophication can completely eliminate eelgrass 
communities and shift the ecosystem to either a phytoplankton-dominated sys- 
tem, a macroalgal-dominated system, or a system dominated by epiphytic algal 
growth (Fig. 7.1). Each of these alternative systems is a result of the increase in 
algal primary productivity, which effectively then shades out eelgrass beds and 
reduces the light necessary for survival. 

There is considerable concern surrounding the continued loss of eelgrass habi- 
tats because eelgrass health is both a factor in and an indicator of the overall 
health of bays and estuaries (Short, 1992). Therefore, a shift from an eelgrass- 
dominated system to one of the above-mentioned three systems not only indicates 
a loss in eelgrass habitat but also a loss of functions and services (Costanza et al., 
1998; de Groot et al., 2002). For example, eelgrass beds commonly serve as 
breeding areas, refuge, and nursery grounds for fish and other invertebrates 
(Short, 1992). Consequently, eelgrass beds also support a wide array of larger es- 
tuarine organisms that feed upon the increased abundance of smaller organisms 
or, in the case of geese and ducks, directly upon the eelgrass itself (Bach, 1993; 
Connolly, 1994). Eelgrass leaves act as dampers and reduce water motion (Short, 
1992), which stabilizes bottom sediments, promotes the settling of suspended 
sediments (Davis and Short, 1997), and provides a low-cost alternative to shore- 
line protection. Eelgrass meadows also lower levels in dissolved nutrient concen- 
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Figure 7.1. Possible impacts of nutrient enrichment on eelgrass bed density. (From 
Short et al., 1993). 



trations in the water column through nutrient uptake by the leaves (Short, 1992; 
Short and Short, 1984). 

Because these services are highly valued, intensive efforts are currently under- 
way to restore eelgrass habitats. These efforts are extremely costly and results are 
mixed at best (Carter and Rybicki, 1985; Davis and Short, 1997; Orth et al., 
1999). Part of the reason for the relative lack of success has been insufficient in- 
formation on the potential of the site to support eelgrass. Factors such as wave 
action, light availability, sediment type, and nutrient loading all make the site- 
selection process difficult (Short et al., 2000a, van Katwijk and Hermus, 2000; 
Zimmerman et al., 1995). Habitat restoration is a relatively new science and past 
failures have at least provided useful lessons to improve the success rate of eel- 
grass restoration attempts (Orth et al., 1999). 

We developed a spatial ecosystem-level model to provide an integrative as- 
sessment tool to facilitate scientifically based management decisions to better 
protect existing eelgrass populations and the habitat they provide. A conceptual 
diagram of the model is provided in Figure 7.2. Simulation models provide a 
unique tool to investigate the impact of various management options on the sur- 
vival of eelgrass before actual implementation, thereby reducing the overall im- 
pacts of human development on existing meadows. The Great Bay Estuary in 
New Hampshire (Fig. 7.3), an estuary historically known for its abundant eel- 
grass meadows, was chosen as the site for the initial development and implemen- 
tation of the spatial model. 

The objectives in developing the model were (1) to review and update the model 
organization, key equations, and parameters (Short, 1980), (2) to present base-run 
analysis of the spatial model with data from Great Bay, and (3) manipulate the spa- 
tial model to test the effects of nutrient loading on the interactions of eelgrass with 
other estuarine variables. The following sections provide detailed descriptions of 
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Figure 7.2. Conceptual diagram of the Great Bay Spatial Model, including spatial 
fluxes. 



the site, model structure, key equations, calibration efforts, and predicted impacts 
of nutrient-loading scenarios on eelgrass distribution and density. 



7.2 Site Description 

The Great Bay Estuary in New Hampshire was chosen as the site for the develop- 
ment of the spatial model. The Great Bay Estuary is a drowned river valley that 
includes the Piscataqua River (which empties into the Gulf of Maine at 
Portsmouth Harbor), Little Bay, and Great Bay, as shown in Figure 7.3. For the 
remainder of this chapter, “Great Bay Estuary" will refer to the entire estuarine 
system and “Great Bay” will refer only to the inner bay. Great Bay is tidally dom- 
inated with ocean water entering through Adam’s Point, the location where Little 
Bay connects to Great Bay. Several tributaries and creeks also enter into Great 
Bay, including Crommet Creek, Lubberland Creek, Lamprey River, Squamscott 
River, and Winnicut River (Short, 1992). Great Bay itself is designated as the 
National Estuarine Research Reserve to protect these waters for research and ed- 
ucation. 

Great Bay was chosen as the site for this analysis because it is historically known 
for its abundant eelgrass meadows, which provide the largest spatial habitat distribu- 
tion within Great Bay. However, early warning signs of a degradation in habitat, 
such as shellfish closures and loss of eelgrass meadows, have been linked to increas- 
ing shoreline development and call for the need for efficient management practices 
to protect this vital habitat (Short, 1992). A significant decline in eelgrass beds in the 
Great Bay Estuary occurred in the late 1980s. These beds have since been reestab- 
lished, as shown in Figure 7.4, but the need for predictive capabilities to assess water 
quality impacts on eelgrass health in order to prevent future declines was clear. 
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Figure 7.3. Components of the Great Bay Estuary including the Piscataqua River, Little 
Bay, and Great Bay. Major tributaries and creeks that enter into Great Bay are also shown 
(Crommet Creek, Lubberland Creek, Lamprey River, Squamscott River, and Winnicut River). 






Figure 7.4. Annual eelgrass distribution in Great Bay for the years 1986-1991. 
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7.3 Model Overview 

The Great Bay Model was developed within a hierarchical multilevel modeling 
approach that examined eelgrass ecology at different levels of detail, as shown in 
Figure 7.5. An intensive cooperative effort involving both the University of New 
Hampshire and the University of Maryland contributed to the development of each 
hierarchical level. The multiple levels of investigation included the following: 

• Simulations of the production of leaf growth and length (Boumans et al., un- 
published data) 

• The growth of individual shoots and connected root systems (Behm and 
Boumans, 2002) 

• Population growth with vegetative branching and new shoot production influ- 
enced by light and nutrients and water turbidity (unpublished data) 

• A unit model incorporating community-level interactions of water quality, eel- 
grass, epiphytes, consumers, and the macroalgal community (Boumans et al., 
2001; Fitz et al., 1996; this chapter) 

• A spatial ecosystem level model incorporating interactions of eelgrass growth 
with other estuarine organisms, hydrodynamic input, and environmental vari- 
ability (this chapter) 

The Great Bay Model was formulated to simulate the dynamics in the spatial 
distribution of eelgrass habitats. To accomplish this, the following was done: 

1. Created a unit model (Short, 1980, Fitz et al., 1996) 

2. Verified and tested the unit model (Boumans et al., 2001) 



Spatial Unit 

Landscape Model 

Simulation 
Model 



Light Eelgrass 

Competition/ Density 

wasting Disease predictions 
Model 



Plant Shoot 

Physiology Growth 
Model Model 





The The 

Landscape Unit 



The The The The 

Community Population Plant Shoot 



Figure 7.5. Hierarchical structure of model development. 
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3. Distributed the unit model across a map of the Great Bay using the Spatial 
Modeling Environment (SME) package 

4. Calibrated and tested the spatial model 

5. Designed and applied scenarios 

The unit model and preceding hierarchical-level models were developed using 
STELLA™ modeling software and the spatial model was developed using the 
Spatial Modeling Environment (SME; www.iee.umces.edu/SME3). The spatial 
model was constructed of a spatial grid with each grid cell containing an entire 
functioning unit model. 



7.3.1 The Unit Model 

The Great Bay unit model design simulates carbon flows within the eelgrass 
bed ecosystem. Submodels are formulated for eelgrass plants, eelgrass detritus, 
epiphytic algae, phytoplankton, seaweeds, consumers, light, temperature, and 
dissolved inorganic nitrogen and phosphorus. All model equations are provided 
in Appendix A on the enclosed CD and key parameter values are provided in 
Table 7.1. 

The submodel for eelgrass plants contains variables for carbon in shoots, roots 
and rhizomes, and seed bank development. The carbon biomass of eelgrass 
shoots increases through primary production and transfer of material from the 
roots and rhizomes (Short 1980). Shoots decrease in biomass through transfer to 
roots and rhizomes production, respiration, ingestion, litterfall, and natural mor- 
tality. Shoot gross primary production (GPP) is proportional to the estimated pho- 
tosynthetically active plant area and controlled by a maximum specific produc- 
tion rate and limited by nonoptimum temperatures and the availability of light 
and nutrients. Shoot net primary production (NPP) subtracts a temperature- 
dependent respiration from GPP. The eelgrass submodel also accounts for carbon 
translocation between belowground roots and rhizomes and aboveground shoots. 
A seasonal transfer index from roots and rhizomes to shoots (Fig. 7.6a) forces 
(Short, 1975) the growth of new shoots in the spring while a percentage of the 
shoot NPP fluxes from shoots to roots and rhizomes. Further losses in shoot bio- 
mass are through consumption and the shedding of leaves. A seasonal limit (Fig. 
7.6b) forces the shedding of leaves to occur in the late summer and fall months 
(Josselyn and Mathieson, 1980). The loss of shoots through natural mortality is 
proportional to total shoot biomass. Loss in roots and rhizomes biomass is caused 
by a temperature-dependent respiration function, a constant natural mortality rate, 
and ingestion by belowground consumers. The model accounts for the production 
of seeds and the development and accumulation of a seed bank where seeds are 
added through seed dropout and lost through decomposition. The model does not 
account for the ability to sprout new plants. In the model, seed accumulation is 
controlled by a seed production season index (Fig. 7.6c) and seed decomposition 
is estimated as a constant proportion of total seed biomass. 

The submodel for eelgrass detritus accounts for dead, free-floating eelgrass 
leaves, known as wrack, which annually contribute significant amounts of mater- 
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a. Eelgrass Translocation 



b. Eelgrass Litterfall Season 




c. Eelgrass Seed Production 




Figure 7.6. Eelgrass forcing functions including (a) eelgrass translocation season, (b) 
eelgrass litterfall season, and (c) eelgrass seed production season. 



ial to the detrital pool in Great Bay (Josselyn and Mathieson, 1980). In the model, 
wrack biomass is produced through the shedding of eelgrass leaves and moves 
spatially throughout the bay. Wrack biomass is reduced through consumption, de- 
composition, and sinking out of the water column. Previous research in the Great 
Bay has shown that wrack decomposes slower along the shore than in the water 
(Josselyn and Mathieson, 1980). Therefore, in the model, the half-saturation rate 
of the decomposition rate of wrack differs by cell location (on the shore or in the 
open water). The spatial movement in the speed and direction of wrack, an added 
functionality in the spatial model, is proportional to the combined influences of 
wind and currents. 

The submodels for phytoplankton, seaweed, and epiphytes are derived in simi- 
lar manners. Carbon biomass increases through GPP, which is driven by an 
organism-specific maximum production rate and limited by temperature, light, 
and nutrient availability. Net primary production subtracts temperature-depen- 
dent respiration from GPP. Carbon biomass also decreases through grazing and 
natural mortality. For epiphytes, mortality is a function of eelgrass shoot mortal- 
ity (litterfall and natural mortality) and the ratio between epiphyte and shoot car- 
bon biomass (Buzzelli et al., 1999). Both epiphytes and seaweed submodels in- 
clude a random reproduction function that is controlled by a seasonal index (Kilar 
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and Mathieson, 1978; Chock and Mathieson, 1976; Niemeck and Mathieson, 
1976). The seaweed submodel also includes a spatial mechanism to generate 
movement under conditions of high current velocity (Josselyn and Mathieson, 
1980; Penniman et al., 1986). 

The submodel for consumer biomass accounts for the grazers of food sources 
in the bay. Carbon biomass increases through the ingestion of food sources, 
which include eelgrass shoots and roots, detritus, epiphytes, phytoplankton, and 
seaweed. Consumer ingestion is relative to preference for each food source and 
controlled by a maximum ingestion rate and temperature regulated metabolic ac- 
tivity. Preferences are determined by correspondence with various experts in the 
field of eelgrass communities and specifically, the Great Bay area. Several refer- 
ences also provided insight into the type of foods that various consumers prefer in 
eelgrass communities (Fralick et al., 1974; Hootsmans and Vermaat, 1985; Kit- 
ting, 1984; Owen, 1972; Percival et al., 1996; Thayer et al., 1984; van Montfrans 
et al., 1982; Zimmerman et al., 1979). Egestion of consumed food is proportional 
to total ingestion. Consumer biomass is also reduced through a constant natural 
mortality function and respiration, which is controlled by consumer metabolic ac- 
tivity. Spatial dynamics for the consumers submodel allows consumers to move 
around in the bay, reacting to food availability and competition (Behm and 
Boumans, 2001). 

The submodels for temperature, light, and nutrient availability all play an im- 
portant role in regulating primary production for eelgrass and the three algae sub- 
models. Water temperature (° C) is an empirically derived relationship with time 
in Julian days (Short, 1975, 1980). The temperature limit on primary production 
of eelgrass is a double exponential function calibrated against field data and ac- 
counts for lower photosynthesis rates at both low and high temperatures (Short, 
1975, 1980). Temperature limits for phytoplankton and epiphyte growth follow a 
single exponential curve under the assumption that temperature differences select 
for different species. 

Simulation of the light attenuation through the water column and relative posi- 
tion within the water column determine the light available for all photosyntheti- 
cally active organisms in the model. The amount of photosynthetically active ra- 
diation (PAR) at the surface of the water column incorporated the effects of solar 
radiation and cloud cover. The PAR available for organisms is calculated using 
the Beers-Lambert law of light attenuation (Bach, 1993; Buzzelli et al., 1998, 
1999; Short, 1980; Verhagen and Nienhuis, 1983), which accounts for the effects 
of water and organic matter in dispersing light. Light availability for phytoplank- 
ton is calculated at a depth of half the water column because phytoplankton is 
found at all depths in the Great Bay. A PAR that reaches epiphytes is calculated 
at a depth that is the difference between total depth and shoot leaf length (as- 
sumed to be an average of 1 m). Finally, the light that reached the leaf surface of 
the shoots is at the same depth, but it incorporates the shading effect of epiphytes 
on shoot leaves (Buzzelli et al., 1999). The resulting PAR that reached each or- 
ganism was then used to calculate the relative light limit on photosynthesis. The 
light limit was calculated as a dimensionless ratio between PAR and the sum of 
PAR and the half-saturation irradiance for photosynthesis according to the 
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Michaelis-Menten formula (Bach, 1993; Buzzelli et al., 1999, Verhagen and 
Nienhuis, 1983). 

The distributions of both dissolved inorganic nitrogen (DIN) and dissolved in- 
organic phosphorus (P0 4 ) were included in the model. The spatial distribution of 
nutrients is based on the relative contributions from river discharge, as shown in 
Figure 7.7. The Michaelis-Menten formula is used to determine the nutrient lim- 
itation on primary production. Sediment nutrient concentrations were kept con- 
stant in the model primarily due to a lack of information. 



River Inputs of Nitrogen 




Adam's faint — • — Crommet Creek Lamprey R. Squamscott R. — Winnicut R. | 



River Inputs of Phosphorus 




Adam's Point — • — Crommet Creek —±— Lamprey R. — x— Squamscott R. 



Figure 7.7. Average monthly river inputs of nutrients to Great Bay. Note that inputs of 
P0 4 from the Winnicut River are not provided due to a lack of data. 
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7.3.2 Model Verification 

The framework of the Great Bay Model was verified through the intense analysis 
of eelgrass development at each hierarchical level. Hierarchical analysis of eel- 
grass development provided a unique, comprehensive method to better under- 
stand the interacting processes that result in the observed spatial distribution of 
eelgrass beds. Key processes were discovered at each level of analysis and scaled 
up to the next level, allowing for a final aggregated eelgrass development model 
that could be applied to a spatial setting. For example, the eelgrass submodel of 
the unit model incorporated the plant physiology and eelgrass density models (de- 
veloped at lower hierarchical levels) into a single construct expressing shoot and 
root and rhizome growth, the dynamics of vegetative expansion, and the import 
and export of materials from other parts of the spatial grid. 



7.3.3 The Spatial Model 

Development of a grid-based spatial model (Maxwell, 1999; Maxwell and 
Costanza, 1994, 1997) provided that the mechanism to simulate the dynamics of 
material and energy flows throughout the bay. Spatial grid cells, representing 
areas 100 X 100 m 2 in size, allow for exchanges of materials and energy with the 
adjacent cells to the north, east, south, and west directions (Fig. 1.1 of Chapter 1). 

The circulation of nutrients and other free-floating materials throughout the 
bay is driven by the water transport across cell boundaries derived from aggre- 
gated output from a two-dimensional, nonlinear, time-stepping, finite-element 
model, ADAM, developed at Dartmouth College by Lynch and Ip (Ip et al., 1998) 
and applied to the Great Bay Estuary at the University of New Hampshire Ocean 
Engineering Center (Ertiirk et al., in press, 2002; Ip et al., 1998). ADAM also 
provided such information as current speed, direction, and water depth (Table 
7.2). The maximum water depth at mean high tide is provided in Figure 7.8. 

Eelgrass monitoring data provided the spatial distribution of eelgrass beds 
within the bay (Short et al., 2000b). Other data used to drive the spatial model in- 
cluded fetch (Short et al., 1997), river discharges of nutrients (Short et al., 1997), 
and weather data, including wind direction, speed, air temperature, and precipita- 
tion (unpublished data). 



Table 7.2. Hydrological model variables. 



Variable name 


Description 


Units 


E_current_vector 


East current vector 


m/s 


N_current_vector 


North current vector 


m/s 


S_current_vector 


South current vector 


m/s 


W_current_vector 


West current vector 


m/s 


sf_wt_X_E 


Water volume transport to the east 


m 3 /s 


sf_wt_X_N 


Water volume transport to the north 


m 3 /s 


sf_wt_X_S 


Water volume transport to the south 


m 3 /s 


sf_wt_X_W 


Water volume transport to the west 


m 3 /s 


water_depth 


Water column depth 


m 
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Units = meters 

Figure 7.8. Maximum water depth at mean high tide (m). 

7.3.4 Calibration 

The unit model requires over 60 parameters, as shown in Table 7.1. Calibration 
provided a method to evaluate state variable tolerances to parameter ranges and to 
derive values for parameters not found in the literature. Calibration was most ef- 
fective at the spatial level due to the importance of spatial dynamics in nutrient 
concentrations and the associated effects on primary production. For eelgrass, 
spatial modeling results were primarily calibrated against eelgrass monitoring 
data (Fig. 7.9), as discussed in the following section. 



7.4 Results 

The following sections show results of the spatial model simulating 2 years of dy- 
namics at hourly time steps. Three scenarios were modeled to address the impacts 
of nutrient enrichment on eelgrass bed development and distribution: 

1 . A base scenario using average river nutrient discharge concentrations 

2. A nutrient-depletion scenario, in which average nutrient concentrations were 
halved 

3. A nutrient-enrichment scenario, in which average nutrient concentrations were 
doubled. 

The average percentage change in biomass between the base-run scenario and 
nutrient-loading scenarios at the end of model simulation (day 730) is provided in 
Table 7.3. Animated spatial results can be accessed from the enclosed CD. 
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0 - 



-325 



Units = gm / m 2 



Figure 7.9. Comparison of September 1990 eelgrass monitoring biomass with spatial 
model results. 



Table 7.3. Average percent change in biomass at day 730 of model simulation between 
base run and nutrient enrichment and depletion scenarios. 





Nutrient 

depletion 


Nutrient 

enrichment 


Eelgrass shoots 


7% (+) 


25% (-) 


Eelgrass roots and rhizomes 


6% (+) 


20% (-) 


Eelgrass detritus 


6% ( + ) 


19% (-) 


Epiphytes 


96% (-) 


755% (+) 


Phytoplankton 


88% (-) 


281% (+) 


Percent light 


9% (+) 


27% (-) 



Note: Increases in biomass are represented by (+ ); decreases are represented by (— ). 



7.4.1 Base-Run Scenario* 

The spatial model executed under the base-run scenario used the parameters and 
configurations listed in Table 7.1. Base-run nutrient concentrations for DIN and 
P0 4 are shown in Figure 7.10 for one complete tidal cycle. Spatial modeling re- 
sults for shoots and roots and rhizomes for the 2 years are provided in Figs. 7.1 lb 
and 7.12b. As shown, both shoots and roots and rhizomes become dense and uni- 



*Figures 7.10 through 7.16 are color animations that are provided on the enclosed CD. 
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form under average nutrient-loading conditions. Base-run results for eelgrass de- 
tritus captured the seasonal flux in eelgrass litterfall and subsequent decay of 
wrack, as shown in Figure 7.13b. Wrack is initially produced during fall leaf lit- 
terfall and is pushed on shore due to the combined effects of wind and currents. It 
remains trapped on shore throughout the winter months to decay in spring with 
the increase in temperature. 

Epiphytes, phytoplankton, and seaweeds follow seasonal cycles of production. 
Epiphytes reaching maximum biomass in late summer and declining thereafter 
due to eelgrass shoot dynamics and temperature decline (Figs. 7.14b and 7.15b). 
Maximum phytoplankton biomass occurs later in the year than epiphytes (Fig. 
7.15b). Both exhibit an increase in peak biomass during the second year of simu- 
lation when compared with the first year. 

There is a decrease in percentage of surface light that reaches eelgrass shoots 
(PAR shoot/P AR surface), where epiphyte and phytoplankton biomass are high 
due to the combined effects of water depth, phytoplankton, and epiphyte biomass 
on light penetration (Fig. 7.16b). 



7.4.2 Nutrient-Depletion Scenario 

In the nutrient-depletion scenario, DIN and P0 4 concentrations were reduced by 
50%. Eelgrass growth and wrack production were not heavily influenced by re- 
duced nutrient supply (Figs. 7. 1 la, 7. 12a, and 7.13a), as shoots have the ability to 
obtain nutrients from the sediment in the absence of surface water concentrations 
(Kemp et al., 1983). 

Epiphytes and phytoplankton were heavily impacted by reduced nutrient sup- 
ply, as shown in Figures 7.14a and 7.15a. In both cases, there was a significant 
decline in biomass, especially during the second year of simulation. For epi- 
phytes, maximum biomass was five times less than during the base-run scenario. 
Phytoplankton maximum biomass was slightly more than three times less than 
during average loading conditions. 

Due to the significant reduction in algal organisms, the percent of surface light 
that reached eelgrass shoots was higher than for either the base-run or nutrient- 
enrichment scenarios (Fig. 7.16a). 



7.4.3 Nutrient-Enrichment Scenario 

The model configuration to simulate the nutrient-enrichment scenario doubled 
DIN and P0 4 concentrations. Increased nutrient supply led to a decrease in bio- 
mass of eelgrass shoots and roots and rhizomes (Figs. 7.11c and 7.12c). During 
the second year of simulation, there is greater spatial variation in eelgrass shoot 
biomass than during the base-run scenario. At the end of the second year, there is 
a pronounced loss in eelgrass distribution in the bay (Fig. 7.11c, day 730). It is 
likely, then, that if the model were run for a longer period of time, the impact of 
nutrients on eelgrass beds would be more pronounced. With the decrease in shoot 
biomass, there is also a decrease in eelgrass detritus (Fig. 7.13c). 




188 Pamela Bchm, et al. 



The impact of nutrient enrichment on epiphytes and phytoplankton was signif- 
icant, as shown in Figures 7.14c and 7.15c. In both cases, there was an increase in 
both scale and spatial distribution. Maximum epiphyte biomass was approxi- 
mately 4.5 times larger than in the base-run scenario. Phytoplankton more than 
tripled in biomass with nutrient enrichment. 

The effect of increased epiphyte and phytoplankton biomass on the percent of 
surface light that reaches eelgrass shoots is shown in Figure 7.16c. There is a sig- 
nificant decrease in available light when compared with the base-run scenario 
(Fig. 7.16b). 



7.5 Discussion 

The purpose of this study was to build a spatial dynamic model to link the land 
use management of a watershed to our understanding of the processes and inter- 
actions that impact estuarine ecosystems with an emphasis on eelgrass bed devel- 
opment. The presented model captured the response of estuarine communities 
within the Great Bay Estuary within the spatial and temporal context of a com- 
plex and dynamic ecosystem. We were able to demonstrate how indicators based 
on distributions in eelgrass beds, epiphytes, macroalgae, and phytoplankton pop- 
ulations can be used to predict a future state of the ecological health of the bay. 
Scenarios included a variety of nutrient-enrichment scenarios, as eutrophication 
together with increased levels in suspended sediments are the most likely impacts 
that the bay experiences due to the management practices within tributary water- 
sheds (Short et al., 1993; Short, 1992). In building the Great Bay Model we suc- 
ceeded in coupling the hydrologic model (ADAM) with an ecosystem model both 
developed and calibrated with a different time step and extent. 

7.5.1 Response of the Great Bay Estuarine Ecosystem to 
Various Nutrient Conditions 

Base-Run Scenario 

Spatial modeling results for the base run of eelgrass bed development show the 
importance of interactions with estuarine processes and organisms on spatial dis- 
tribution patterns. As shown in Figure 7.11b, shoots reach maximum biomass in 
late July, when leaf litterfall begins (Fig. 7.6b). This seasonal pattern has been 
found in previous research for this latitude (Short, 1980, 1992; Short et al., 1993). 

Base-run results for eelgrass biomass indicate that under average nutrient-loading 
conditions, eelgrass meadows become dense and uniform (Fig. 7.11b), with a 
gradual annual increase in maximum biomass. However, eelgrass spatial moni- 
toring data for September 1990 indicate significant spatial variation in biomass, 
as shown in Fig. 7.9. One possible explanation for the difference between ob- 
served and modeled results is the assumption of constant average shoot leaf 
length (1 m). In 1990, eelgrass was rebounding from a significant loss in habitat 
from previous years (Fig. 7.4). Leaf lengths were most likely shorter than 1 m. 
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which would cause an overestimation of shoot biomass in the spatial model. Ad- 
ditional variations are introduced because leaf lengths are also a function of water 
depth (Fig. 7.8) (Jacobs, 1979) In deeper waters surrounding the main channel, 
leaf length would be longer in reaction to light availability. This would increase 
biomass in deeper waters and decrease biomass in shallow waters, which is the 
pattern seen in the monitoring results. 

Spatial modeling results of roots and rhizomes growth (Fig. 7.12b) showed the 
strong link between aboveground and belowground eelgrass biomasses. There is 
a peak in biomass in early July and a subsequent decline as temperatures become 
inhibiting. This seasonal pattern is consistent with previous research (Verhagen 
and Nienhuis, 1983). Flowever, no time-series data for roots and rhizome biomass 
in the Great Bay is available for a comparison with spatial modeling results. 

Spatial modeling results for wrack (Figure 7.13b) were consistent with ob- 
served trends in the estuary (Josselyn and Mathieson, 1980). Wrack is produced 
in early October and through the influence of wind and currents, is deposited on 
the shore and remains throughout the winter months. Model results show com- 
plete decomposition of wrack by early May, which again is consistent with ob- 
served trends (Josselyn and Mathieson, 1980). 

There is little data available for epiphytic algae production in Great Bay. How- 
ever, spatial modeling results for epiphytes indicate a seasonal signal and annual 
increase in abundance similar to shoots, as evident in previous research (Buzzelli 
et ah, 1998, 1999). The spatial distribution of epiphytic algae was strongly influ- 
enced by nutrient availability (Fig. 7.10), with maximum biomass occurring in 
areas of increased nutrient supply. 

Phytoplankton modeling results (Fig. 7.15b) produced a maximum biomass in 
early October. Little data are available concerning phytoplankton species compo- 
sition, abundance, or production in the Great Bay (Short, 1992). Previous esti- 
mates indicate a peak in production, usually in June or July. However, the time of 
peak bloom has been highly variable (Short, 1992). It is possible that the modeled 
temperature limit on production should be more stringent in cooler temperatures, 
but more data are needed. Also, recall that spatial movement was not built into 
the phytoplankton submodel for reasons explained earlier. Therefore, spatial dis- 
tribution and annual peak are largely determined by nutrient distribution. 

The impact of nutrient availability (Fig. 7.10) on the spatial distribution of phy- 
toplankton is evident when comparing the location of maximum biomass over the 
2-year base-run simulation. Initial concentrations of phytoplankton were assumed 
to be proportional to water depth (Fig. 7.8), producing initial estimates of maxi- 
mum biomass in the main channel (Fig. 7.15b, day 0). However, as time pro- 
gressed and the nutrient limitation on primary production took affect, there was a 
shift from maximum biomass in the main channel to areas of maximum nutrient 
concentrations (Fig. 7.15b, days 655 and 730). 



Nutrient-Depletion Scenario 

In the reduced nutrient scenario, there was a slight increase in shoot and root and 
rhizome biomass (Figs. 7.11a and 7.12a) due to increased light availability 
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(Fig. 7.16a). Light attenuation was greater in this scenario due to the dramatic de- 
cline in both phytoplankton and epiphyte biomass (Figs. 7.14a and 7.15a). For 
both organisms, there was a significant decline during the second year of simula- 
tion, indicating that the nutrient supply was not sufficient to sustain either popu- 
lation. Our results correspond with the top panel in Figure 7. 1 , in which no excess 
nutrient conditions were depicted (Short et al., 1993). In this case, eelgrass is the 
dominant producer, with insignificant amounts of algae present. 



Nutrient-Enrichment Scenario 

The results of the nutrient-enrichment scenario suggest that long-term nutrient 
enrichment will lead to a loss in eelgrass bed abundance and distribution (Figs. 
7.1 lc and 7.12c). As shown in Figures 7.14c and 7.15c, nutrient loading caused a 
seasonal bloom in both epiphytes and phytoplankton populations, which led to a 
significant reduction in light available for shoot primary production (Fig. 7.16c). 
Comparing available light in the base-run and nutrient-enrichment scenarios 
(Figs. 7.16b and 7.16c), it is clear that it was not until the second year of simula- 
tion that light was significantly reduced. This is primarily due to the more than 
threefold increase in epiphytes (Figure 7.14c) and more than doubling of phyto- 
plankton biomass (Fig. 7.15c) during this period. As a result, a loss in eelgrass 
distribution was not apparent until the end of the second year (Fig. 7.11c). Ex- 
panding the model run for 3-5 years would perhaps provide a better understand- 
ing of the impact of nutrient overenrichment on eelgrass. 

These results correspond to previous nutrient-enrichment experiments, in 
which increased nutrient supply led to increased algal production and decreased 
shoot abundance (Kemp et al., 1983; Short et al., 1991, 1993, 1995). The major- 
ity of these studies have been performed in mesocosm environments for short pe- 
riods of time (Kemp et al., 1983; Short et al., 1995), but there is ample evidence 
of the effect of excessive nutrient loading on eelgrass distributions in estuarine 
environments (Kemp et al., 1983; Short and Burdick 1996, Short et al., 1996). 

The coupling of the hydrologic ADAM model with the biologic Great Bay 
Model presented a challenge, as both were developed for different temporal and 
spatial scales. The biological processes that occur on the order of days and play 
out over years would not have been well represented at time steps appropriate for 
the ADAM hydrological fluxes of 1 min with a maximum extent of one tidal 
cycle. Hourly current averages generalized from the ADAM model (Erttirk et al., 
in press) determined the movement of eelgrass detritus, nutrients, and phyto- 
plankton. Detritus floating on the surface of the water was calculated as a com- 
posite between current and wind speed and directions. However, movement of 
nutrients and phytoplankton were completely dependent on current speed. For 
phytoplankton, it was determined that biological processes were the dominant in- 
fluence on biomass and, therefore, spatial fluxes were ignored. For nutrients, it 
was determined that inputs of nutrients from rivers were the dominant source of 
nutrient concentrations within the Great Bay. To resolve the scale issue here, the 
model was altered to run on 1-min time steps for one tidal cycle (approximately 
13 h) at maximum nutrient-loading conditions, as determined from Figures 7.7a 
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and 7.7b. Maximum hourly nutrient concentrations were obtained from this 
analysis and transformed into input maps to be used in the actual model. The 
model structure was then changed back to 1-h time steps and altered so that the 
nutrient map imported at each time step corresponded to the appropriate stage in 
the tidal cycle. The results of this analysis are shown in Figure 7.10 for one tidal 
cycle. The ratio of actual nutrient-loading conditions (based on Figs. 7.7a and 
7.7b) to maximum loading was determined and used in the model to adjust the 
nutrient maps accordingly at each time step. 

7 . 5.2 Management Implications 

Increasing developmental pressure in the Great Bay watershed suggests that nu- 
trient loading, especially from nonpoint sources, will also increase in the absence 
of enforceable management action (Short, 1992). The results of the Great Bay 
Model nutrient-enrichment scenario underscore the need to monitor and regulate 
the amount of nutrient discharge. Results of this scenario suggest that a doubling 
of nutrient loading to the estuary can completely alter the functions and services 
provided by the estuary. Recommendations to regulate nutrient levels in the estu- 
ary include the following: 

1 . Regularly monitor nutrient discharge into the estuary 

2. Reduce nonpoint source urban discharge (i.e., storm runoff, septic effluent 
seepage, hazardous waste disposal) (Short, 1992) 

3. Reduce nonpoint source agricultural discharge through the development and 
use of best land management practices (i.e., fertilizer and pesticide applica- 
tions, soil erosion) (Short, 1992) 

4. Reduce point source discharge through continued improvement of wastewater 
treatment (Short et al., 1991) 

It is important to note that implementation of these recommendations will not 
be possible in the absence of established and enforced regulations that will con- 
tain and eliminate the problems of nutrient loading (Short et al., 1991). The es- 
tablishment of a regulatory oversight committee for the entire Great Bay water- 
shed with the power to develop and enforce nutrient-loading reduction measures 
will be necessary to fully address the problem. 

7.5.3 Further Work Needed 

Future model improvements will include addition of a wasting-disease compo- 
nent. To incorporate the wasting disease, model improvements should include 
(1) a more dynamic representation of leaf length and (2) seed germination for re- 
production. Recall that seed germination is currently not incorporated into the 
eelgrass submodel due to the lack of data. However, research has shown that the 
primary mechanism for eelgrass recovery when disease decimates the population 
is through seed germination (Olesen, 1999; Short 1992). 

Salinity fluxes and suspended sediment loading should also be included in the 
model structure, as both influence the propagation of the wasting disease (Bur- 
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dick et al., 1993; Short 1992). However, as both are dependent on hydrologic 
processes, a stronger coupling between the ADAM model and Great Bay Model 
would be necessary to incorporate these variables. 

Finally, as discussed earlier, calibration efforts were hindered by a lack of spa- 
tial data, especially for nutrients, epiphytic algae, and phytoplankton. 



7.6 Conclusion 

The main goal of this analysis was to understand the factors that affect eelgrass 
distribution and predict impacts of anthropogenic change on the eelgrass commu- 
nity. To do this, a unit model was created first (Short et al., unpublished data), 
which served as a useful tool to compile and organize information gathered 
through intensive hierarchical analysis of eelgrass at varying levels of detail. Ver- 
ification of the unit model provided confidence that the model is both stable and 
reliable. The unit model was then applied to a spatial scale to test the model per- 
formance under average nutrient-loading conditions. Spatial model results cap- 
tured the seasonal signal in primary production and flux of detrital matter onto the 
shore. Loss in eelgrass spatial variability is thought to be the result of an assumed 
average leaf length. Outside stressors (in the form of varying nutrient loading) 
were then applied to predict the impacts on eelgrass distribution. Nutrient enrich- 
ment led to increased epiphyte and phytoplankton abundance and decreased spa- 
tial distribution of eelgrass beds. 

Looking at the “big picture,” although this study has provided a means to orga- 
nize and evaluate existing knowledge, differences between modeled results and 
actual results have brought to light what is not known or what needs to be in- 
cluded in the model to improve the reliability of results. Discovering what is not 
known is often more valuable than simply compiling what is known, mainly be- 
cause it pinpoints where more research is needed. In our case, future model im- 
provements should include (1) development of a more dynamic shoot leaf length 
estimate, (2) gathering of spatial data for further calibration, (3) tightening the 
connection between the Great Bay and ADAM models, and (4) including the dy- 
namics of the eelgrass wasting disease. 

This analysis provided a means to develop a tool which can be applied to any 
eelgrass-based estuarine environment and used by land managers to test the im- 
pact of management options on eelgrass bed survival before implementation. 
Simple scenarios, such as discussed here, provide quick and reliable predictions 
that would undoubtedly assist land managers in making future planning deci- 
sions. As eelgrass beds are vital to the health of the estuaries they are found in, it 
is vital that such tools be developed and implemented to better protect these 
meadows. 

Acknowledgments. Funding for the project was provided by a NOAA/UNH 
Cooperative Institute for Coastal and Estuarine Environmental Technology 
(CICEET) grant (NA87OR0512) to Dr. Short at the University of New Hamp- 
shire, There were a number of people involved in the development of the spatial 




7. Spatial Modeling of Eelgrass Distribution 193 



model and each deserves to be acknowledged. Dr. Thomas Maxwell and the rest 
of the Institute of Ecological Economics team deserve acknowledgment for the 
development of the Spatial Modeling Environment used to run the spatial model. 
Dr. Maxwell provided ready and thorough assistance whenever problems arose. 
Dr. Robert Costanza, director of the institute, deserves recognition as advisor and 
sounding board for this project. 

At the University of New Hampshire, Dr. David Burdick provided assistance 
in the development of each hierarchical level of analysis, as well as much needed 
expert advice. Dr. Safak Nur Ertiirk provided the hydrology output of the ADAM 
model for input into the spatial model and Mr. Jamie Adams provided GIS assis- 
tance in the processing of spatial data. 



References 

Bach, H.K. 1993. A dynamic model describing the seasonal variations in growth and the 
distribution of eelgrass ( Zostera marina L.). Ecological Modelling 65:31-50. 

Behm. P.M. and R.M.J. Boumans. 2001. Modeling herbivorous consumer consumption in 
the Great Bay Estuary, New Hampshire. Ecosystem Modelling 143:71-94. 

Behm, P.M. and R.M.J. Boumans 2002. Modeling eelgrass ( Zostera marina L.) distribu- 
tion, in Dynamic Modeling for Marine Conservation (Ruth, M. and J. Lindholm, eds.). 
Springer-Verlag, New York, pp. 164—190. 

Boumans, R.M.J., F. Villa, R. Costanza, A. Voinov, H. Voinov, and T. Maxwell. 2001. 
Non-spatial calibrations of a general unit model for ecosystem simulations. Ecological 
Modelling 146:17-32. 

Burdick, D.M., F.T. Short, and J. Wolf. 1993. An index to assess and monitor the progres- 
sion of wasting disease in eelgrass Zostera marina. Marine Ecology Progress Series 
94:83-90. 

Buzzelli, C.P., R.L. Wetzel, and M.B. Meyers. 1998. Dynamic simulation of littoral zone 
habitats in lower Chesapeake Bay. II. Seagrass habitat primary production and water 
quality relationships. Estuaries 21(4B):673-689. 

Buzzelli, C.P., R.L. Wetzel, and M.B. Meyers. 1999. A linked physical and biological 
framework to assess biogeochemical dynamics in a shallow estuarine ecosystem. Estu- 
arine, Coastal and Shelf Science 49:1-23. 

Carter, V. and N.B. Rybicki. 1985. The effects of grazers and light penetration on the sur- 
vival of transplants of Vallisneria americana Michx in the tidal Potomac River, Mary- 
land. Aquatic Botany 23: 197-213. 

Chock, J.S. and A.C. Mathieson. 1976. Ecological studies of the salt marsh Ecad scorpi- 
oides (Horneman) Hauck of Ascophyllum nodosum (L.) Le Jolis. Journal of Experimen- 
tal Marine Biology and Ecology 23: 17 1-190. 

Connolly, R.M. 1994. The role of seagrass as preferred habitat for juvenile Sillaginodes 
punctata (Cuv. and Val.) (Sillaginidae, Pisces): Habitat selection for feeding? Journal 
of Experimental Marine and Biological Ecology 180:39-47. 

Costanza, R., R. d'Arge, R. de Groot, S. Farber, M. Grasso, B. Hannon, S. Naeem, K. Lim- 
burg, J. Paruelo, R.V. O'Neill, R. Raskin, P. Sutton, and M. van den Belt. 1998. The 
value of the world’s ecosystem services: putting the issues in perspective. Ecological 
Economics 25:67-72. 

Davis, R. and F.T. Short. 1997. Restoring eelgrass, Zostera marina L.. habitat using a new 
transplanting technique: The horizontal rhizome method. Aquatic Botany 59:1-15. 




194 Pamela Behm, et al. 



deGroot R.S., M.A. Wilson, and R.M.J. Boumans. 2002. A typology for the classification, 
description, and valuation of ecosystem functions, goods and services. Special Issue: 
The Dynamics and Value of Ecosystem Services: Integrating Economic and Ecological 
Perspectives. Ecological Economics 41:3, 393-408. 

Ertiirk, S.N.. F.T. Short, and £elikkol, B. (in press) Modeling the friction effects of eel- 
grass on tidal flow in Great Bay, NH. Submitted to Estuarine and Coastal Shelf Science. 

Ertiirk, S.N., A. Bilgili, M.R. Swift, W. S. Brown, B. £elikkol, J.T.C. Ip, and D.R. Lynch. 
2002. Simulation of the Great Bay Estuarine system: Tides with tidal flats wetting and 
drying. Journal of Geophysical Research Oceans, 7, C5, 6-1; 6-11. 

Fitz, H.C., E.B. DeBellevue, R. Costanza, R. Boumans, T. Maxwell, L. Wainger, and F.H. 
Sklar. 1996. Development of a general ecosystem model for a range of scales and 
ecosystems. Ecological Modelling 88:263-295. 

Fralick, R.A., K.W. Turgeon, and A.C. Mathieson. 1974. Destruction of kelp populations 
by Lacuna vincta (Montagu). The Nautilus 88(4): 112-1 14. 

Hootsmans, M.J.M. and J.E. Vermaat. 1985. The effect of periphyton-grazing by three epi- 
faunal species on the growth of Zostera marina L. under experimental conditions. 
Aquatic Botany 22:83-88. 

Ip, J.T.C. , D.R. Lynch, and C.T. Friedrichs. 1998. Simulation of estuarine flooding and de- 
watering with application to Great Bay, New Hampshire. Estuarine Coastal and Shelf 
Science 47:119-141. 

Jacobs, R.P.W.M.. 1979. Distribution and aspects of the production and biomass of eel- 
grass, Zostera marina L., at Roscoff, France. Aquatic Botany 7:151-172. 

Josselyn, M.N. and A.C. Mathieson. 1980. Seasonal influx and decomposition of au- 
tochthonous macrophyte litter in a north temperate estuary. Hydrobiologia 71:197-208. 

Kemp, W.M., R.R. Twilley, J.C. Stevenson, W.R. Boynton, and J.C. Means. 1983. The de- 
cline of submerged vascular plants in upper Chesapeake Bay: Summary of results con- 
cerning possible causes. Marine Technology Society Journal 17(2):78-89. 

Kilar, J.A. and A.C. Mathieson. 1978. Ecological studies of the annual red alga Dumontia 
incrassata (O.F. Muller) Lamouroux. Botanica Marina 21:423-437. 

Kitting, C.L. 1984. Selectivity by dense populations of small invertebrates foraging among 
seagrass blade surfaces. Estuaries 7(4A):276-288. 

Maxwell T. 1999. A Parsi-Model Approach to Modular Simulation. Environmental Mod- 
eling and Software, 14. pp. 511-517. 

Maxwell, T. and R. Costanza, 1994. Scaling spatial predictability. Environmental Toxicol- 
ogy and Chemistry, 13, 12. 

Maxwell T. and R. Costanza, 1997. An Open Geographic Modeling Environment. Simula- 
tion Journal, 68, 3 pp. 175-185. 

Niemeck, R.A. and A.C. Mathieson. 1976. An ecological study of Fucus spiralis L. Jour- 
nal of Experimental Marine and Biological Ecology 24:33 — 48. 

Olesen, B. 1999. Reproduction in Danish eelgrass (Zostera marina L.) stands: Size- 
Dependence and Biomass Partitioning. Aquatic Botany 65:209-219. 

Orth, R.J., M.C. Harwell, and J.R. Fishman. 1999. A rapid and simple method for trans- 
planting eelgrass using single, unanchored shoots. Aquatic Botany 64:77-85. 

Owen, M. 1972. Some factors affecting food intake and selection in white-fronted geese. 
Journal of Animal Ecology 41:79-92. 

Penniman, C.A., A.C. Mathieson, and C.E. Penniman. 1986. Reproductive phenology and 
growth of Gracilaria tikvahiae McLachlan (Gigartinales, Rhodophyta) in the Great Bay 
Estuary, New Hampshire. Botanica Marina 29:147-154. 

Percival, S.M., W.J. Sutherland, and P.R. Evans. 1996. A spatial depletion model of the re- 
sponses of grazing wildfowl to the availability of intertidal vegetation. Journal of Ap- 
plied Ecology 33:979-992. 




7. Spatial Modeling of Eelgrass Distribution 195 



Short, F.T. 1975. Eelgrass production in Charlestown Pond: An ecological analysis and 
numerical simulation model. M.S. thesis. Graduate School of Oceanography, University 
of Rhode Island, Kingston. 

Short, F.T. 1980. A Simulation model of the seagrass production system, in Handbook of 
Seagrass Biology: An Ecosystem Perspective (Phillips, R.C. and C.P. McRoy, Eds.). 
New York: Garland STPM Press, pp. 275-295. 

Short, F.T. (ed.). 1992. The Ecology of the Great Bay Estuary, New Hampshire and 
Maine: An Estuarine Profile and Bibliography. NOAA-Coastal Ocean Program Publi- 
cation. NOAA: Washington, D.C. 

Short, F.T. and D.M. Burdick. 1996. Quantifying eelgrass habitat loss in relation to hous- 
ing development and nitrogen loading in Waquoit Bay, Massachusetts. Estuaries 
19:730-739. 

Short, F.T., and C.A. Short. 1984. The seagrass filter: Purification of estuarine and coastal 
waters, in The Estuary as a Filter (Kennedy, V.S., ed.). Academic Press, New York, 
pp. 395-413. 

Short, F.T., G.E. Jones, and D.M. Burdick. 1991. Seagrass decline: Problems and solu- 
tions, In NOAA: Washington, D.C. Proceedings of Seventh Symposium on Coastal and 
Ocean Management/ASCE. Long Beach, CA. 

Short, F.T., D.M. Burdick, J. Wolf, and G.E. Jones. 1993. Eelgrass in Estuarine Research 
Reserves Along the East Coast, U.S.A., Part I: Declines from Pollution and Disease ; 
Part II: Management of Eelgrass Meadows. NOAA — Coastal Ocean Program Publica- 
tion. NOAA: Washington, D.C. 

Short, F.T., D.M. Burdick, and J.E. Kaldy. 1995. Mesocosm experiments quantify the ef- 
fects of eutrophication on eelgrass, Zostera marina. Limnology and Oceanography 
40(4):740-749. 

Short, F.T., D.M. Burdick, S. Granger, and S.W. Nixon. 1996. Long-term decline in eel- 
grass, Zostera marina L., linked to increased housing development, in Seagrass Biol- 
ogy: Proceedings of an International Workshop, Rottnest Island, Western Australia, 
25-29 January 1996. (Kuo, J., R.C. Phillips, D.I. Walker, and H. Kirkman, eds.). Sci- 
ences UWA, Nedlands, Western Australia, pp. 291-298. 

Short, F.T., R.G. Congalton, D.M. Burdick, and R.M. Boumans. 1997. Modelling Eelgrass 
Habitat Change to Link Ecosystem Processes with Remote Sensing. Final Report to 
NOAA Coastal Ocean Program and NOAA Coastal Change Analysis Program. NOAA: 
Washington, D.C. 

Short, F.T., D.M. Burdick, C.A. Short, R.C. Davis, and P.A. Morgan. 2000a. Developing 
success criteria for restored eelgrass, salt marsh and mud flat habitats. Ecological Engi- 
neering 15:239-252. 

Short, F.T., B. Celikkol, R. Costanza, R. Boumans, and M. Crosby. 2000b. Spatial Model- 
ing of Eelgrass Habitat Change in Great Bay National Estuarine Research Reserve, 
CICEET University of New Hempshire: Durban, NH Progress Report for the Period 
2/1/00 to 7/31/00. 

Thayer, G.W., K.A. Bjorndal, J.C. Ogden, S.L. Williams, and J.C. Zieman. 1984. Role of 
larger herbivores in seagrass communities. Estuaries 7(4A):35 1-376. 

Twilley, R.R., W.M. Kemp, K.W. Staver, J.C. Stevenson, and W.R. Boynton. 1985. Nutri- 
ent enrichment of estuarine submersed vascular plant communities. 1. Algal growth and 
effects on production of plants and associated communities. Marine Ecology Progress 
Series 23:179-191. 

Valiela, I., K. Foreman, M. LaMontagne, D. Hersh, J. Costa, C.D. D’Avanzo, M. Babione, 
Chi-Ho Sham, J. Brawley, P. Peckol, B. DeMeo- Anderson, and K. Lajtha 1991. (1992) 
Couplings of watersheds and coastal waters: Sources and consequences of nutrient en- 
richment in Waquoit Bay, Massachusetts. Estuaries 15(4):443-457. 




196 Pamela Behm, et al. 



van Katwijk, M.M. and D.C.R. Hermus. 2000. Effects of water dynamics on Zostera ma- 
rina: Transplantation experiments in the intertidal Dutch Wadden Sea. Marine Ecology 
Progress Series 208:107-118. 

van Montfrans, J., R.J. Orth, and S.A. Vay. 1982. Preliminary studies of grazing by Bit- 
tium varium on eelgrass periphyton. Aquatic Botany 14:75-89. 

Verhagen, J.H.G. and P.H. Nienhuis. 1983. A simulation model of production, seasonal 
changes in biomass and distribution of eelgrass ( Zostera marina) in Lake Grevelingen. 
Marine Ecology Progress Series 10:187-195. 

Zimmerman, R., R. Gibson, and J. Harrington. 1979. Herbivory and detritivory among 
gammaridean amphipods from a Florida seagrass community. Marine Biology 
54:41-47. 

Zimmerman, R., J. Reguzzoni, and R. Alberte. 1995. Eelgrass ( Zostera marina L.) trans- 
plants in San Francisco Bay; role of light availability on metabolism, growth and sur- 
vival. Aquatic Botany 51:67-86. 




8 



Patuxent Landscape Model: Integrated 
Modeling of a Watershed 

Alexey Voinov, Robert Costanza, Roelof M.J. Boumans, Thomas 
Maxwell, and Helena Voinov 



8.1 Introduction 

Large drainage basins are composed of multiple smaller catchments. Each of these 
catchments contains a heterogeneous collection of land uses, which vary in com- 
position and spatial pattern (structure) and thus differ in functions such as nutrient 
retention. Two problems arise from this heterogeneity that present major chal- 
lenges to both research and management. First, variation in structure and function 
inevitably prevents true replication in intensive field studies that attempt to relate 
landscape function to landscape structure. Second, variation among land uses 
within watersheds makes it difficult to directly extrapolate among spatial scales. 
Even though drainage basins can be broken down hierarchically into smaller 
catchments based on topography, “scaling up” from intensive catchment studies is 
not a linear additive process because of differences among catchments and interac- 
tions between adjacent land uses. Management of water quality over large 
drainage basins must address both problems with innovative methods synthesizing 
data from intensive experimental studies on a few watersheds, then extrapolating 
important generalizations to larger drainages using modeling techniques. 

The Patuxent Landscape Model (PLM) was designed to serve as a tool in a sys- 
tematic analysis of the interactions among physical and biological dynamics of 
the Patuxent watershed (Maryland, USA) (Fig. 8.1), conditioned on the socio- 
economic behavior in the region. A companion socio-economic model of land 
use dynamics in the region is developed to link with the PLM to provide a means 
of capturing the feedbacks between ecological and economic systems (Fig. 8.2). 
By coupling the two models and exchanging information and data between them, 
the socio-economic and ecological dynamics can be incorporated. Whereas in 
most ecosystem models the socio-economic development is fed into the model in 
the form of scenarios or forcing functions, a coupled model can explore dynamic 
feedbacks, adjusting the socio-economic change in response to the ecological 
perturbations. 

To run the ecological and economic modules in concert, we need to account for 
specifics of both modules in their design and make assumptions about how the in- 
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Figure 8.1. Location of the Patuxent watershed. Background map is based on NOAA 
C-CAP land cover data of Chesapeake Bay Watershed 1988/89. The Resolution is 30 m. 



formation will be exchanged. In particular, the spatial representation of both 
should be matched such that land use or land cover transformations in one mod- 
ule can be communicated to the other one directly inside the model. In this case, 
it would be difficult to employ the approach based on spatial aggregation to larger 
units, called elementary landscapes, elementary watersheds, elementary areas of 
pollution, or hillslopes (Band et al., 1991; Beven and Kirkby, 1979; Krysanova et 
al., 1989; Sasowsky and Gardner, 1991), which are considered homogeneous and 
form the basis for the hydrologic flow network. In these models, the boundaries 
between spatial units are fixed and cannot be modified during the course of the 
simulation. A more mechanistic approach seems to be better suited when the 
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Figure 8.2. Relationships and linkages between the economic and ecological subsys- 
tems. The ecological and the economic modules provide essential feedbacks that are in- 
strumental in creating a realistic system of values and to learn to measure these values. 



landscape is aggregated as a grid of relatively small homogeneous cells and 
process-based simulations are run for each cell with relatively simple rules for 
material fluxing among nearest neighbors (Burke et al., 1990; Costanza et al., 
1990; Engel et al., 1993; Maxwell and Costanza, 1995; Sklar et al., 1985). This 
fairly straightforward approach requires extensive spatial datasets and high com- 
putational capabilities in terms of both storage and speed. However, it provides 
for quasicontinuous modifications of the landscape, where habitat boundaries 
may change in response to socio-economic transformations. 

The economic component for the PLM was presented elsewhere (Bell and 
Bockstael, 1997; Bockstael, 1996; Bockstael and Bell, 1997; Geoghegan et al., 
1997). In this chapter, we focus on describing the construction of the ecological 
component, paying special attention to those aspects of the model that were stip- 
ulated by the integrated fashion of the entire research effort. We first outline the 
overall model design in terms of its spatial, temporal, and structural organization. 
Then, we look at the single-cell (local) ecological processes. Next, we consider 
the spatial implementation of the model and discuss some aspects related to scale 
and resolution. We conclude with a review of the results and potential applica- 
tions of the model. 
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8.2 Model Structure 

The PLM may be considered as an outgrowth of the approach first developed in 
the Coastal Ecosystem Landscape Spatial Simulation (CELSS) model (Costanza 
et ah, 1990; Sklar et ah, 1985) and later applied to a series of wetland areas, the 
Everglades clearly being the most sophisticated example (see Chapter 7 in this 
volume; Fitz and Sklar, 1999). The modeled landscape is partitioned into a spatial 
grid of square unit cells (ranging in this application from 2352 to 58,905 square 
unit cells). The model is hierarchical and modular in structure, incorporating the 
ecosystem-level unit model that is replicated in each of the unit cells representing 
the landscape (Fig. 1.1 of Chapter 1). With this approach, the model builds on the 
format of a raster-based geographic information system (GIS), which is used to 
store all of the spatially referenced data included in the model. Thus, the model can 
be considered an extension of the analytical function of a GIS, adding dynamics 
and knowledge of ecological processes to the static snapshots stored in a GIS. 

Although the same unit model runs in each cell, individual models are parame- 
terized according to habitat type and geo-referenced information for a particular 
cell. The habitat-dependent information is stored in a parameter database, which 
includes initial conditions, rate parameters, stoichiometric ratios, and so forth. 
The habitat type and other location-dependent characteristics are referenced 
through links to GIS files. In this sense, the PLM is one of several site-specific 
ecological models that are process based and are designed to apply to a range of 
habitats. Some other models within this category are CENTURY (Parton et al., 
1988), TEM (Vorosmarty et al., 1989), and BIOME-BGC (Running and Cough- 
lan, 1988). All of these models can be adapted to a particular site through param- 
eterization of initial stocks and flux rates among various ecosystem components. 
These models vary in complexity and capabilities, which makes one model more 
suitable for certain applications than others. As a rule of thumb, more complex 
models will resolve issues in more detail, but are more difficult and time- 
consuming to calibrate, run, and interpret (Maxwell and Costanza, 1994). The 
PLM aims for an intermediate level of complexity so that it is flexible enough to 
be applied to a range of ecosystems but is not so cumbersome that it requires a 
supercomputer. 

The unit models in each cell exchange matter and information across space. The 
horizontal fluxes that join the unit models together are defined by surface and sub- 
surface hydrology. Alternative horizontal fluxes could be movement of air, animals, 
and energy such as fire and tidal waves — although at this stage, the PLM fluxes 
only water and entrained material. The spatial hydrology module calculates the 
amount of water fluxed over the surface and in the saturated sediment. The fluxes 
are driven by cell-to-cell head differences of surface water and saturated sediment 
water, respectively. Water fluxes between cells carry dissolved and suspended ma- 
terial. At each time step, first the unit model updates the stocks within each cell due 
to vertical fluxing and then cells communicate to flux matter horizontally, simulat- 
ing flows and determining ecological condition across the landscape. 

Figure 8.3 presents the distribution of the various modeled events in time when 
simulated in the PLM. The model employs a time step of 1 day so that most of the 
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Figure 8.3. Temporal course of events in the PLM. The SME offers certain flexibility in 
scheduling simulation events. Individual time steps can be assigned to different modules. 



ecological variables are updated daily. However, certain processes can be run at 
longer or shorter time steps. For example, some spatial hydrologic functions may 
need an hourly time step, whereas certain external forcing functions are updated 
on a monthly or yearly basis. 

This explicit spatial and flexible temporal design of the PLM ecological module 
is instrumental for a linkage with a companion economic model that predicts the 
probability of land use change within the seven counties of the Patuxent watershed 
(Bockstael, 1996). The economic model allows human decisions to be modeled as 
a function of both economic and ecological spatial variables. Based on empirically 
estimated parameters, spatially heterogeneous probabilities of land conversion are 
modeled as functions of predicted land values in residential and alternative uses 
and costs of conversion. Land value predictions are modeled as functions of local 
and regional characteristics. The predictive model of land use conversion gener- 
ates the relative likelihood of conversion of cells and, thus, the spatial pattern of 
greatest development pressure. To predict the absolute amount of new residential 
development, the probabilistic land use conversion model is further combined 
with models of regional growth pressure. As a result, a new land use map is gener- 
ated and fed into the ecological model on a yearly basis. 



8.3 Geographic and Time-Series Data 

A variety of spatially and temporally disaggregated data is required to develop 
and calibrate the model. The database we have assembled is partially described in 
the Data section on the CD included with the book. The model database contains 
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the data, which drive the model-forcing functions, parameterize equations, and 
provide calibration and verification data for adjusting model parameters and com- 
paring model output to the real system. The database was developed from exten- 
sive datasets collected for the Patuxent watershed by various governmental agen- 
cies, academic institutions, and research programs (Brush et al., 1980, Correll, 
1983; Correll et al., 1992; Lichtenberg, 1997; Peterjohn and Correll, 1984). 
Existing data for the local region were supplemented with broader regional data- 
bases where appropriate. 

Much of the available data are at a temporal or spatial resolution that is differ- 
ent than we would like, so we sometimes employed data aggregation or interpo- 
lation techniques to adjust the data. For example, maps of model driving forces 
such as precipitation are created as the model runs by interpolating time-series 
data from the set of seven meteorological stations distributed throughout the area. 
Land use data are aggregated from higher-resolution maps with more categories 
than we need. Another example is our use of elevation data (1 : 100,000, with 1 m 
vertical resolution) combined with river network data (Maryland Office of Plan- 
ning, 1993) to improve the watershed boundary and shoreline delineation. 

Spatial (GIS) data include several types of dataset. One set of maps describes 
initial conditions, such as land cover, elevation, soil type, bathymetry, and 
groundwater elevation. Other spatial data developed from satellite images pro- 
vide a time series of estimated ecological conditions used for calibration purposes 
[e.g., Normalized-Difference Vegetation Index (NDVI)] (Jones, 1996; Kidwell, 
1986). Watershed boundary, slope, aspect, and study area map layers were devel- 
oped with the watershed basin analysis program in GRASS (Geographic Re- 
sources Analysis Support System) (USACERL, 1993). Figure 8.4 shows the 
basic spatial coverages that have been employed in the PLM and some of the de- 
rived layers also essential for the hydrologic module. Spatial fluxes of surface 
water in watershed models are predominantly driven by the elevation gradient. 

In addition to the meteorological time-series data, which are used to map daily 
weather conditions, time-series data are used to provide other information at spe- 
cific points in the landscape. For example, point source discharges are used to in- 
troduce materials at specific points in the landscape. Hydrologic point time-series 
data (stream flow, surface water and groundwater quality) are used for calibration 
in the nontidal portions of the streams. 

Specific rate constants are generally functions of spatial or habitat characteris- 
tics, such as soil or vegetation type. Habitat-dependent parameters include growth 
coefficients, uptake rates, and seasonal controls. About half of these data are spe- 
cific to the Patuxent watershed, with the remainder derived from a more general 
database or literature sources. 



8.4 Local Dynamics 

In the preliminary implementations of the PLM, we have presented local ecosys- 
tem dynamics based on the modified General Ecosystem Model (GEM) (Fitz et 
al., 1996), Pat-GEM (Boumans, et al., 2001). As we moved on to spatial model 
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Figure 8.4. PLM spatial coverages. There are six basic coverages. Additional maps are 
created during preprocessing and model initialization. Other spatial parameters and vari- 
ables are calculated and updated during model runs. 



runs, it became quickly evident that dealing with the full unit model in a spatial 
context was time-consuming and somewhat redundant. The Pat-GEM is fairly 
complex as is, as a unit model. It becomes almost overwhelming if replicated 
over the several thousand cells in the spatial implementation. 

In an attempt to overcome the complexity of GEM, we have started to experi- 
ment with the modular approach, in which instead of modeling the whole ecosys- 
tem, we focus on certain functional blocks, presented by groups of processes that 
are more tightly linked and more interdependent. This approach led us to the de- 
sign of the Library of Hydro-Ecological Modules (LHEM), described in Chapter 
3. We have been using STELLA to design the modules, but now they were made 
of no more than five to six state variables, much simpler than the full model. The 
later versions of SME3 have been designed to take the equation files generated by 
these component models and bring them together to create any combinations of 
the modules needed. 

Different modules could be designed and analyzed independently. Then, once 
a better understanding of their performance was achieved, they could be linked 
together in a piecewise fashion. This process facilitated the reuse of modules and 
a cleaner subdivision of the development effort. Clearly, there is considerable in- 
terdependence between modules. For example, nutrient fluxing is very much de- 
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pendent on the hydrologic transport. Also, nutrients are consumed by plants. It 
may seem hard to separate these processes. 

Different modules in LHEM, that were then used to build the PLM unit model, 
represent hydrology, nutrient movement and cycling, terrestrial and estuarine pri- 
mary productivity, and dynamics of dead organic material (Fig. 3.1 of Chapter 3). 
The hydrology sector of the unit model is fundamental to modeled processes be- 
cause it links the climatic forcing functions to chemical and biotic processes and 
allows feedbacks between sectors. Phosphorus and nitrogen are cycled through 
plant uptake and organic matter decomposition, with the latter simulated in the 
module that describes the sediment/soil dynamics. The module for plant growth 
includes growth response to various environmental constraints (including water 
and nutrient availability), changes in leaf canopy structure (influencing water 
transpiration), mortality, and other basic plant dynamics. Feedbacks among the 
biological, chemical, and physical model components structure habitat and influ- 
ence ecosystem response to changing conditions. 



8.5 Spatial Implementation 

The spatial model combines the dynamics of the unit model (which are calculated 
at each time step for each cell in the landscape) and adds the spatial fluxes which 
control the movement of water and materials between cells. Each cell generates 
stock and flow values, which provide input to or accept output from the spatial 
flux equations. 

In the spatial implementation, a major hypothesis that we are testing is that 
overland and channel flow can be modeled similarly. Traditionally, in most mod- 
els of overland flow, the surface water is moved according to two separate algo- 
rithms: one for the two-dimensional flux across the landscape and another for the 
one-dimensional channel flow. This approach is used in some of the classic spa- 
tial hydrologic models such as ANSWERS (Beasley and Huggins, 1980) or SHE 
(Abbott, et al., 1986b). However, considering the spatial and temporal scale of the 
Patuxent model, as well as its overall complexity, we use a simplified water bal- 
ance algorithm for both types of flow. 

Given the cell size of the model (200 m or 1 km), we may assume that in every 
cell there will be a stream or depression present where surface water can accu- 
mulate. Therefore, it makes sense to consider the whole area as a linked network 
of channels, where each cell contains a channel reach which discharges into a 
single adjacent channel reach. The channel network is generated from a link 
map, which connects each cell with its one downstream neighbor out of the eight 
possible nearest neighbors. Riparian vegetation affects the results by modifying 
surface water and groundwater flow in the stream cells and downstream cells 
and is reflected in the model parameters. In the GEM unit model, vegetation and 
nutrients are closely linked with hydrology through evapotranspiration and other 
processes. 

After the water head in each raster cell is modified by the vertical fluxes con- 
trolled in the unit model, the surface water and its dissolved or suspended compo- 
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nents move between cells based on one of two algorithms being tested. In the 
simplified algorithm, a certain fraction of water is taken out of a cell and added to 
a cell downstream. This operation is either iterated several (10-20) times a day, 
effectively generating a smaller time step to allow fast riverflow, or the location 
of the recipient cell is calculated based on the amount of head in the donor cell, 
after which, in one time step, the full amount of water is moved over several cells 
downstream along the flow path determined by the link map. The number of iter- 
ations or the length of the flow path needed for the hydrologic module are cali- 
brated so that the water flow rates match gauge data. 

Another algorithm checks that water movement stops when the water heads in 
two adjacent cells equilibrate. We examine the flow between two adjacent cells as 
flow in an open channel and use the slope-area method (Boyer, 1964), which is a 
kinematic wave approximation of St. Venant’s momentum equation. The flux 
(m 3 /d) in this case is described by the empirical Manning’s equation for overland 
flow. The equation is further modified to ensure that there is no flux after the two 
cells equilibrate and then the flux rate is accelerated using the multicell dispersion 
algorithm discussed in the work of Voinov et al. (1998). Although the first algo- 
rithm works well for the piedmont area with significant elevation gradients, the 
second one is more appropriate for the coastal plain region, where there are sig- 
nificant areas of low relief and tidal forces, which permit counterflows. 

For the saturated water, a modified Darcy equation was employed. For each 
cell, the flux was determined as a function of saturated conductivity and water 
head difference between the current cell and the average head of the cell and its 
eight neighbors. We assume one vertically homogenous aquifer interacts with the 
surface water. 



8.6 Economic Land Use Conversion Model 

Spatially explicit data on property sales and many of the economic and ecological 
characteristics of areas in spatial proximity to these sales were available for the 
seven counties encompassing the Patuxent watershed. This allowed land use 
change to be empirically modeled in a spatially disaggregated way. The Eco- 
nomic Land Use Conversion (ELUC) model estimates probabilities of land con- 
version from forest or agriculture to different densities of residential use within 
each spatial cell in the seven-county area of the Patuxent Basin (Bockstael, 1996; 
Bockstael and Bell, 1997; Bockstael et al., 1995; Geoghegan et al. 1997). 

The model consists of two stages. The first stage estimates the value of land 
parcels in different uses. The assessed value of any structures was subtracted 
from data on the selling price to get the residual value of the land in residential 
use. This land value was used as the dependent variable and spatial variation in 
land prices were explained by an extensive array of features of the location, in- 
cluding distance to employment centers, access to public infrastructure (roads, 
recreational facilities, shopping centers, sewer and water services), and proximity 
to desirable (e.g., waterfront) and undesirable (e.g., waste dumps) land uses. Also 
included were some less obvious explanatory variables that describe the nature of 
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the land uses surrounding a parcel. The estimation techniques used were maxi- 
mum likelihood and generalized method of moments, the latter being an approach 
that allows for treatment of the obvious spatial autocorrelation in the model. 

The second stage involved estimating “qualitative-dependent variable” models 
(i.e., discrete choice models) of historical land use conversion decisions. In this 
stage, historical decisions as to whether or not to convert a parcel in an agricul- 
tural or forest use to residential use are modeled as functions of their value in 
original use, predicted value in residential use (derived from the first-stage 
model), and proxies for the relative costs of conversion. The purpose of this stage 
was to determine what factors affect land use conversion and to estimate parame- 
ters of those conversion functions. 

Once the parameters of the two stages of the model were estimated, it was used 
to generate the relative likelihoods of conversion of different parcels in the land- 
scape. A spatial pattern of relative development pressure was obtained as a func- 
tion of the characteristics of the parcels and their locations. Because the explana- 
tory variables used to predict the values in residential and alternative uses and the 
costs of conversion are all functions of ecological features, human infrastructure, 
and government policies, the effects of changes in any of these variables can be 
simulated. Total growth pressures in the region was then used to estimate the spa- 
tial patterns of new residential development into the future. For example, to gen- 
erate the scenarios used in this chapter, a projection of 28,000 new dwelling units 
in the 5 years from 1997 to 2003 in the 7 counties that include the Patuxent wa- 
tershed was used. Other alternatives for growth pressure could also be analyzed, 
but this seemed to be the consensus opinion on growth pressure in the near term. 
The new dwelling units were then distributed in the watershed in the “most 
likely” locations based on the results of the stage 1 and 2 modeling exercises de- 
scribed earlier. 



8.7 Calibration and Testing 

Much of the time involved in developing spatial process-based models is devoted 
to the calibration and testing of the model behavior against known historical or 
other data (Costanza et al., 1990). To adequately test model behavior and to re- 
duce computational time, we performed the calibration and testing at several time 
and space scales, and for the unit model independently of the full spatial model. 
These tests and their results are briefly described in the following subsections, 
followed by results of various scenarios using the calibrated model. These sce- 
narios address both the underlying behavior of the landscape and the implications 
of various proposed management options. To calibrate the model, we have fol- 
lowed the multitier calibration strategy described in Figure 3.8 of Chapter 3. 

8. 7. 1 Unit Model Calibration 

The Flydrology and Nutrient dynamics modules were calibrated very approxi- 
mately bearing in mind their very strong spatial dependence. The goal in this case 




8. Patuxent Landscape Model 207 



Table 8.1. Ten-year averages for three forest model variables compared to literature 
values. 





NPP (kg/M 2 /year) 


PCP-^g/L) 


DIN ( |xg/L) 




Mean 


SD 


Mean 


SD 


Mean 


SD 


Model output 


Young 


0.039 


0.006 


0.017 


0.004 


4.1 


5.5 


Intermediate 


0.29 


0.014 


0.025 


0.019 


2.7 


2.6 


Old 


0.497 


0.014 


0.031 


0.027 


4.2 


3.5 


All forest ages 


0.27 


0.190 


0.024 


0.02 


3.7 


4.1 


Reference data 


All forest ages 


0.14“ 


0.67 


0.1 85 b 


0.165 


5 C 


5 



“Derived through the FIA database for the Patuxent watershed. 

b Midpoint and maximum deviation reported by Stevenson (1986) for sandy soils. 

“Midpoint and maximum deviation reported by Aber (1986) for deciduous forests. 



was to make sure that we keep the variables within reasonable levels, do not get 
excess of water in either of storages and the inputs, outputs, and storages balance 
out. Soil-dependent parameters for the hydrologic module were the mean values 
from the STATSGO database for the Patuxent watershed. Other parameters were 
taken from published literature and the Internet (see CD). 

The dominant Patuxent plant community is forest. The calibration of the Plant 
Growth module in LHEM was based on field monitoring at 12 forested sites lo- 
cated within the eastern United States (Johnson and Lindberg, 1992). It provided 
mean flux rates and organic matter nutrient contents for input and calibration. Pa- 
rameters in the unit model were for an average unit area (1 m 2 ). Biomass and 
species composition were derived through the Forest Inventory and Analysis 
Database (FIA) (see CD). The forest association used to select data was 
oak-hickory with 0.6% coniferous trees. Some parameters for this module were 
inherited from the calibration of an earlier version of the model called Pat-GEM 
(Boumans et al., 2001). In that case, the calibration was run for three different 
stages in forest development. At the first or young stage, the forest biomass is set 
at 10% of the maximum attainable biomass, which is based on the 75th percentile 
value for oak-hickory in the FIA. The second stage (intermediate) is set at 50% of 
the maximum biomass and the third stage (old) is set at 90% of the maximum bio- 
mass. Ten-year averages of inorganic phosphate concentrations (PO 4- ), dissolved 
inorganic nitrate concentrations (DIN), net primary production (NPP) (Table 
8.1), detrital matter, and nonliving soil organic matter (NLOM) are compared to 
similar values available through the FIA database for the Patuxent watershed, or 
literature on temperate forests. 

Agricultural land uses were simulated for crops typical of the Patuxent water- 
shed that included typical cycles among fallow, corn, winter wheat, and soy- 
beans. Crop production estimates were calibrated against the results from EPIC 
(Erosion Productivity Impact Calculator), a widely used and calibrated agricul- 
tural model. The EPIC was able to provide about 30% of the input data required 
for running the PLM model, and to provide time-series output data (on a daily 
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step) for a comparison. Because EPIC has been widely tested, replicating its re- 
sults is a sufficient “second best” calibration approach in lieu of detailed local 
time-series data. 



8.7.2 Spatial Hydrology Calibration 

Calibrating and running a hydrologic model of this level of complexity and reso- 
lution requires a multistage approach (Voinov et al., 1999). We first identified 
two spatial scales at which to run the model: a 200-m and 1-km cell resolution. 
The 200-m resolution was more appropriate to capture some of the ecological 
processes associated with land use change but was too detailed and required too 
much computer processor time to perform the numerous model runs required for 
calibration and scenario evaluation for the full watershed. The 1-km resolution 
reduced the total number of model cells in the watershed from 58,905 to 2352. 

Second, we identified a hierarchy of subwatersheds. The Patuxent watershed 
has been divided into a set of nested subwatersheds to perform analysis at three 
scales (Fig. 8.5). The small (23 km 2 ) subwatershed of Cattail Creek in the Pied- 
mont northern part of the Patuxent Basin was used as a starting point. Another 
small subwatershed. Hunting Creek, was selected to calibrate the model for the 
different hydro-ecological conditions of the coastal plain area. The next larger 
watershed was the upper nontidal half of the Patuxent watershed that drained to 




Figure 8.5. Hierarchy of subwatersheds in the Patuxent drainage basin used to calibrate 
and analyze the model: (A) 23 -km 2 Cattail Creek; (B) 940-km 2 Upper Patuxent draining at 
Bowie; (C) 2352-km 2 full study area; (D) 70-km 2 Hunting Creek. 
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the United States Geological Survey (USGS) gauge at Bowie (940 km 2 ). Finally, 
we examined the whole Patuxent watershed (2352 km 2 ). The number of total 
model cells grew from 566 cells initially, to 23,484 cells for the half-watershed, 
and then to 58,905 cells for the entire study area at the 200-m resolution. 

In this stage of the calibrations, we ran only the hydrologic component of the 
model, without links to the plants and nutrients. Although transpiration by plants 
and the influence of nutrients on plant productivity and transpiration are obvi- 
ously important influences on hydrology, we excluded them at this stage (1) for 
simplicity, (2) for direct comparison to other hydrologic models, and (3) to test 
the effects of adding the plant and nutrient dynamics later (see section 8.7.3). 

We staged a set of experiments with the small Cattail Creek subwatershed to 
test the sensitivity of the surface water flux. Three crucial parameters controlled 
surface flow in the model: infiltration rate, horizontal conductivity, and number of 
iterations per time step of the unit model. Riverflow peak height was strongly 
controlled by the infiltration rate. The conductivity determined river levels be- 
tween storms and the number of iterations modified the width of the storm peaks. 

Surface water flow was calibrated against the 13 USGS gauging stations in the 
area that have data concurrent with the climatic data series (1990-1996). In this 
calibration, the model results for the Cattail subwatershed (Fig. 8.5A) are in fairly 
good agreement with the data and may be considered as a partial model verifica- 
tion, because none of the parameters had been changed after the initial calibration 
using 1990 data. Some of the flow statistics are presented in Table 8.2, in which 
we have also included calibration results from the Hydrologic Simulation 
Program-Fortran (HSPF) (Donigian et al., 1984), which has been previously ap- 
plied to the Patuxent watershed (AQUA TERRA, 1994). We attained a consider- 
ably better fit to the data with our model than with HSPF. HSPF is a more empir- 
ically based model that uses high-temporal-resolution input data (e.g., hourly 
rainfall data) but relatively low spatial resolution (e.g., aggregated subwater- 
sheds). Much more of the behavior in HSPF is embedded in the parameters of the 
model than in the PLM (which uses the pattern of land use to drive much of the 
behavior). Thus, the effects of changes in the spatial pattern of land use (one of 
our key questions) cannot be adequately addressed using HSPF, because it would 
require recalibrating the model for the new land use pattern, and empirical hydro- 
logic data for this new, hypothetical, land use pattern obviously do not exist. 

Next, we performed a spatial scaling experiment, which involved varying the 
spatial resolution of the model. In this experiment, we were mainly looking at the 
effects of changing the model resolution, not the data resolution. Using GIS oper- 
ations, we aggregated the model, switching from a 200-m to a 1-km cell resolu- 
tion. Model runs for the 1-km resolution were remarkably close to the results 
from the 200-m model. This finding was especially promising for analysis of the 
other modules of the full ecological economic model. Because most of the hori- 
zontal spatial dynamics is governed by the hydrologic fluxes, the coarser 1-km 
resolution should be sufficient for the spatial analysis of the integrated model of 
the watershed in this case. 

Overall, the model of the half-watershed (Fig. 8.5B) showed less precise model 
results (Fig. 8.6) than the Cattail subwatershed, as predicted from theory 




210 Alexey Voinov, et al. 





8. Patuxent Landscape Model 211 




Figure 8.6. Hydrologic calibration results for Upper Patuxent at Bowie for 1986-1990. 



(Costanza and Maxwell, 1994). The calibration statistics for the half-watershed 
area are summarized in Table 8.2. In general, the increased spatial extent of the 
model presented more heterogeneity that was not fully accounted for in the cali- 
bration. Specific reasons for this include the spatial resolution of the input cli- 
matic data, the greater complexity of groundwater flows at this scale (which are 
handled in a very simplified way in the model), and the need to recalibrate some 
of the hydrologic parameters at the larger scale. 
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Within the subwatershed, we assumed that the groundwater dynamics closely 
followed the surface water flows and confined the groundwater to the subwater- 
shed area. This is probably not accurate even for Cattail Creek, and at larger 
scales, the groundwater patterns are even more complex. 

The spatial rainfall and other data were interpolated from daily records of 
seven stations distributed over the study area. The Cattail subwatershed hydrol- 
ogy was driven by one climatic station and the half-watershed model incorpo- 
rated data from three stations. The lack of data on the true variability of the mete- 
orological data in space and time hinders the model’s ability to accurately 
represent short-term or localized responses in river flow. However, the model is 
able to consider antecedent moisture and runoff-generating areas in a spatially re- 
alistic manner based on topography, land use, and soil type, giving the simulation 
a fairly high degree of precision. The general hydrologic trends seem to be well 
captured by the model and allow us to expand the study to other modules. 

We also refer the reader to our web page at http://giee.uvm.edu/PLM and the 
enclosed CD, which further describe the model. 

8. 7.3 Full Ecological Model Calibration 

The full spatially explicit ecological model was run for several years using histor- 
ical climate inputs for calibration purposes. In this case, we ran the model at a 
1-km spatial resolution. We used two methods to compare the model perfor- 
mance to the available data. 

Certain modeled variables, or indices that aggregate model variables, were 
compared to point time-series data such as stream flow, nutrient concentration in 
the streams, and historical tree-ring data for the region. The inclusion of plant and 
nutrient dynamics improved the model’s hydrologic performance in comparison 
to the output reported earlier. The spatially explicit representation of plant and 
nutrient dynamics modifies the evapotranspiration and interception fluxes in the 
model, making the model performance more realistic. It was also essential for 
scenario runs that take into account land use and cover changes, in which these 
changes modify the hydrologic fluxes in the watershed. 

A sample of calibration for flow-weighted nitrogen concentrations in the 
Patuxent River at Bowie is presented in Figure 8.7. Data are available to calibrate 
longer-term runs of the model with these datasets. Model output was compared to 
field data by visually inspecting superimposed graphs and comparing annual 
mean and total values. For example, the long-term trend of nitrogen dynamics in 
Hunting Creek, a small subwatershed in the Coastal Plain area, shows good cor- 
relation with the annual dynamics calculated from the data. 

Comparison of raw spatial data is a much more difficult and less studied proce- 
dure. Spatially explicit data are scarce and rarely matches the spatial extent and 
resolution produced by the model. Some example output for plant primary pro- 
duction as well as other output from the model can be found on the enclosed CD. 
The primary production shows the typical pattern of seasonal growth in the re- 
gion, which has a significant impact on hydrology through transpiration. Data de- 
rived from AVHRR satellite images, the NDVI or “greenness” index, were used 




8. Patuxent Landscape Model 213 




0 50 100 ISO 200 2S0 300 3S0 



♦ USGS data Model results 

Figure 8.7. Calibration results for flow weighted nitrogen concentrations in the Patuxent 
River at Bowie for 1990 and 1991. 

to calibrate the full model’s predictions of primary production for intra annual ef- 
fects. We created indices from the NDVI data and the model output so that we 
were comparing the timing and pattern of NDVI change to the timing and pattern 
of NPP change in the model. A visual comparison shows fairly good agreement 
between the model output and the data currently available. For long-term forest 
growth calibrations, we used the FIA data on forest growth (Table 8.1). The small 
Cattail Creek subwatershed (which can be run more quickly) was run for 50 years 
to examine long-term trends. These results compared favorably to the FIA data. 



8.8 Scenarios 

The goal of the linked ecological economic model development was to test alter- 
native scenarios of land use patterns and management. A wide range of future and 
historical scenarios may be explored using the calibrated model. We have devel- 
oped scenarios based on the concerns of county, state, and federal government 
agencies, local stakeholders, and researchers. The following set of initial scenar- 
ios were considered: 

• A group of historical scenarios based on the USGS reconstruction (Buchanan, 
et al., 1998) of land use in the Patuxent watershed: 

1. 1650: predevelopment era; most of the area forested, zero emissions 

2. 1850: agro-development; almost all the area under agricultural use, tradi- 
tional fertilizers (marl, river mud, manure, etc.), low emissions 
1950: decline of agriculture, start of reforestation and fast urbanization 



3 . 
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4. 1972: maximal reforestation, intensive agriculture, high emissions 

5. Baseline scenario. We use 1990 as a baseline to compare the modeling re- 
sults. The 1990-1991 climatic patterns and nutrient loadings were used. 

6. 1997 land use pattern. This dataset has just recently been released and we 
used it with the 1990-1991 forcings to estimate the effect of land use 
change alone. 

7. Buildout scenario. With the existing zoning regulations, we assumed that 
all of the possible development in the area occurred. This may be consid- 
ered as the worst-case scenario in terms of urbanization and its associated 
loadings. 

8. Best Management Practices (BMP): 1997 land use with lowered fertilizer 
application and crop rotation. These management practices were also as- 
sumed in the remaining scenarios. 

• A group of scenarios of change in land use over the 5 years following 1997 
(i.e., for 2003) developed based on the ELUC model by Bockstael: 

9. Development as usual 

10. Development with all projected sewer systems in place 

11. Development with no new sewers but contiguous patches of forest 500 
acres and more protected 

12. Development with all sewers in place and contiguous forest protected 

• A group of hypothetical scenarios to study dramatic change in land use pat- 
terns using the 1997 land use as the starting point. These scenarios are de- 
signed to show the total contribution of particular land use types to the current 
behavior of the system by completely removing them. 

13. Conversion of all currently agricultural land into residential 

14. Conversion of all currently agricultural land into forested 

15. Conversion of all currently residential land into forested 

16. Conversion of all currently forested land into residential 

• Another group of hypothetical scenarios to study the effects of clustering , 
again using the 1997 land use as the starting point: 

17. Residential clustering: conversion of all current low-density residential 
land use into urban around three major centers 

18. Residential sprawl: conversion of all current high-density urban into resi- 
dential randomly spread across the watershed. 

The scenarios were driven by changes in the Landuse map, the Sewers map, 
patterns of fertilizer application, amounts of atmospheric deposition, and location 
and number of dwelling units. Because the model is spatially explicit and dy- 
namic, it generates a huge amount of output for each scenario run. We can only 
present a brief summary here in the form of spatially and temporally averaged 
values for a few key indicators. Table 8.3 is a summary of some of the model out- 
put from the different scenarios looking at nitrogen concentration in the Patuxent 
River as an indicator of water quality, changes in the hydrologic flow, and 




Table 8.3. Some results of scenario runs for the Patuxent model. 
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changes in the NPP of the landscape. Some selected additional results of the sce- 
nario runs are described briefly in the following subsections. 

8.8.1 Historical Scenarios 

In this group of scenarios, we attempted to reconstruct the historical development 
of the Patuxent watershed, starting from the pre-European settlement conditions 
in 1650. The 1850, 1950, and 1972 maps (Fig. 8.8) were produced based on data 
from Buchanan et al. (1998). In 1650, the watershed was almost entirely forested, 
with very low atmospheric deposition of nitrogen, no fertilizers, and no septic 
tank discharges. The rivers had very low nutrient concentrations. By 1850, the 
landscape had been dramatically modified by European settlers. Almost all of the 
forests were cleared and replaced with agriculture (Table 8.3). However, fertiliz- 
ers used at the time were mostly organic (manure, river mud, green manure, veg- 
etable matter, ashes), the atmospheric deposition of nutrients was still negligible, 
and the population was low, producing little septic tank load. 

After 1850, agricultural land use began shrinking and forests began regrowing. 
By 1950, the area of forests had almost doubled. At the same time, rapid urbaniza- 
tion began, primarily along the Washington, DC-Baltimore corridor. This affected 
the Patuxent watershed both directly (through changes in land use from agriculture 
and forests to residential and commercial uses) and indirectly (through increased 
auto use in the larger region and increased atmospheric inputs of nutrients). This 
process continued until the 1970s, when reforestation hit its maximum. Since then, 
continued urbanization of the area has been affecting both agricultural and 
forested areas at approximately the same rate. The atmospheric emissions and fer- 
tilizer applications were assumed to grow steadily from the low preindustrial lev- 
els to modern load levels. The growing population in the residential sectors was 
contributing to growing discharges from septic tanks. 

8.8.2 1990 Versus 1997 Versus Buildout 

Comparison between the 1990 and 1997 model output shows that there was a 
considerable decline in the numbers of forested and agricultural cells, which was 
due to the increase in residential and urban areas. Accordingly, fertilizers con- 
tributed less to the total nitrogen load for the watershed, whereas the amount of 
nitrogen from septic tanks increased (Table 8.3). These load totals also demon- 
strate the relative importance of different sources of nitrogen on the watershed. 
Under existing agricultural practices, the role of fertilizers remains fairly high. 
Atmospheric deposition contributes unexpectedly high proportions of the nitro- 
gen load. The role of septic tanks may seem minor; however, it should be remem- 
bered that the fate of septic nitrogen is quite different from the pathways of fertil- 
izer and atmospheric nitrogen. Under the existing design of septic drainage fields, 
the septic discharge is channeled directly to groundwater storage, almost entirely 
avoiding the root zone and nutrient uptake by terrestrial plants. 

From 1990 to 1997, most of the land use change in the model occurred by re- 
placing forested with residential land use types. As a result, we do not observe 
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Figure 8.8. Approximate reconstruction of Patuxent watershed development for 1650, 
1850, 1953, and 1972, based on USGS estimates. (From Buchanan et al., 1998.) 



any substantial decrease in water quality in the Patuxent River (Table 8.3). The 
changes in hydrologic parameters associated with the substitution of residential 
areas for forested and agricultural ones result in somewhat more variability in the 
flow pattern; however, this difference is not very large. Apparently during this 
time period, the residential land use is still less damaging than the agricultural one 
and the loss in environmental quality that is associated with a transfer from 
forested to residential conditions is compensated by a net gain in a similar trans- 
fer from agricultural to residential use. 

These trends are reversed when we move on to the buildout (BO) conditions in 
the model. At some point, a threshold is passed, after which most of the develop- 
ment occurs due to deforestation and the effect of residential and urban use be- 
comes quite detrimental for the water quality and quantity in the watershed. The 
base flow (represented by the 50% minimal flow values) decreases to almost half 
of the predevelopment 1650 conditions; the peak flows become very high because 
of the overall increase of impervious surfaces. Accordingly, the nitrogen content 
in the river water grows quite considerably. 

8. 8. 3 Best Management Practices 

The next scenario attempts to mimic the possible effects of Best Management 
Practices (BMPs). Government concerns are primarily aimed at nutrient reduction 
through nonpoint source control and growth management (MOP, 1993) and have 
the broader goal of improving the groundwater, river and estuarine water quality 
for drinking water and habitat uses. Nonpoint source control methods under study 
include stream buffers, adoption of agricultural and urban BMPs, and forest and 
wetland conservation. Urban BMPs or stormwater management, involve both new 
development and retrofitting older developments. Growth management includes 
programs to cluster development, protect sensitive areas, and carefully plan sewer 
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extensions. Clustered development has been proposed and promoted in Maryland 
as a method to reduce nonpoint sources and preserve undeveloped land. 

At this time, we have limited our consideration of BMPs to the reduction of 
fertilizer application. Crop rotation has been assumed previously as a standard 
farming practice in the area. In addition to that, we assessed the potential for nu- 
trient reduction in the Patuxent from reductions achieved by farmers in the basin 
who have adopted farm nutrient management plans. The Maryland Nutrient Man- 
agement Program (NMP) enlists farmers who are willing to create and implement 
nutrient management plans which use a variety of techniques to lower application 
rates, including nutrient crediting with and without soil testing, setting realistic 
yield goals, and manure testing and storage. The greatest gains for farms without 
animal operations tended to come from adjusting yield goals (Steinhilber, Coor- 
dinator of the NMP, personal communication, 1996). From this information, we 
created an expected nutrient reduction of 10-15%, which is the typical reduction 
for farms in the NMP (Simpson, Maryland Department of Agriculture, personal 
communication, 1996). Another major source of fertilizer application reduction is 
accounting for atmospheric deposition in calculations of nutrient requirements. 
This has been promoted by some of the recent recommendations issued by MDA. 
As a result, we get quite a considerable change in fertilizer loading, and reduction 
of agricultural land use in the watershed becomes no longer beneficial for water 
quality in the river (Table 8.3). 

8.8.4 Economic Land Use Conversion Model Scenarios 

This group of scenarios distributes 28,000 projected new dwelling units (using 
1997 conditions as a base) within the area of the 7 counties that include the 
Patuxent watershed under certain assumptions about the location of sewers and 
forest preservation strategies. Most of the change occurs in the upper Patuxent 
portion of the watershed. As seen from Table 8.3, the resulting changes in land 
use distributions were not as dramatic as during the 1990-1997 period. Corre- 
spondingly, the changes in water quality in the river were quite subtle. Our indi- 
cators show less than a 1% change relative to the 1997 conditions. However, it is 
noteworthy that in these scenarios, contrary to the previous period, most of the 
land use change is from agricultural to residential habitats. The reduction of 
agricultural loadings turns out to be more important than the increase in septic 
tank discharges. Because of the high primary productivity of agricultural land 
use relative to residential, we also observe a decline in average NPP. Appar- 
ently, these changes do not bring us to the threshold conditions after which the 
residential trends of development become especially damaging to the environ- 
mental conditions. 



8.8.5 Hypothetical Scenarios 

In the next group of scenarios, we considered some more drastic changes in land 
use patterns. None of these are realistic, but they allow one to estimate the rela- 
tive contributions of major land use types to the current behavior of the system. 
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They were also essential to evaluate the overall robustness of the model and esti- 
mate the ranges of change that the model could accommodate. For example, by 
comparing Scenarios 14 and 15, one can see that agricultural land uses currently 
play a larger role in the nutrient load received by the river than residential land 
uses, even under the BMPs. We get a considerable gain in water quality by trans- 
ferring all of the agricultural land into residential. Contrary to expectations, clus- 
ter development (Scenario 17) did not turn out to be any better for river water 
quality than residential sprawl (Scenario 18). Because of larger impervious areas 
associated with urban land use, the peak runoff dramatically increased in this sce- 
nario. This, in turn, increased the amount of nutrients washed off the catchment 
area. Cluster development would be beneficial only if it is accompanied by effec- 
tive sewage and stormwater management that will reduce runoff and provide suf- 
ficient retention volumes to channel water off the surface into the groundwater 
storage. It should be noted, however, that in our definition of these scenarios, we 
have only modified the land use maps in terms of the limited number of aggre- 
gated categories that we are distinguishing. The changes in the infrastructure 
(roads, communications, sewers, etc.) that should be associated with the cluster 
versus sprawl development have not yet been taken into account. 

Conversion of all currently forested areas into residential (Scenario 16) was al- 
most as bad as the buildout scenario (Scenario 7). However, the crop rotation as- 
sumed in (Scenario 16) decreased the amounts of fertilizers applied somewhat 
and resulted in lower overall nitrogen concentrations. The septic load in this case 
was so large because the transition to residential land use was assumed to occur 
without the construction of sewage-treatment plants. In the buildout scenario, 
most of the residential and urban dwellings were created in areas served by exist- 
ing or projected sewers. 

8.8.6 Summary of Scenario Results 

One major result of the analysis performed thus far is that the model behaves well 
and produces plausible output under significant variations in forcing functions 
and land use patterns. It can, therefore, be instrumental for analysis and compar- 
isons of very diverse environmental conditions that can be formulated as scenar- 
ios of change and further studied and refined as additional data and information 
are obtained. The real power of the model comes from its ability to link spatial 
hydrology, nutrients, plant dynamics, and economic behavior via land use 
change. The economic submodel incorporates zoning, land use regulations, and 
sewer and septic tank distribution to provide an integrated method for examining 
human response to regulatory change. The projections from the economic model 
of land use change based on proposed scenarios shows the probable distribution 
of new development across the landscape so that the spatial ecological aspects 
can be evaluated in the ecological model. The model allows fairly site-specific ef- 
fects to be examined as well as regional impacts so that both local water quality 
and Chesapeake Bay inputs can be considered. 

The scenario analyses also demonstrated that the Patuxent watershed system is 
complex and its behavior is counterintuitive in many cases. For example, in the 
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entirely forested watershed of 1650, the flow was very well buffered, showing 
very moderated peaks and fairly high base flow. The agricultural development 
that followed in the next century actually decreased both the peak flow and the 
base flow, contrary to what one would expect, even though the decrease in the 
base flow was much more significant than the decrease in the peaks. Apparently, 
evapotranspiration rates for the kinds of crops currently included in the model 
were high enough to keep the peaks down. Comparing the effects of various land 
use change scenarios on the water quality in the river (Fig. 8.9) similarly shows 
that the connection between the nutrient loading to the watershed and the nutrient 
concentration in the river is complex and difficult to anticipate or generalize. This 
merely confirms the need for a complex, spatially explicit simulation model of 
the type we have developed here. 

Nevertheless, a few general patterns emerge from analysis of the scenario re- 
sults, including the following: 

• As previously observed (Krysanova, 1999), the effects of temporarily distrib- 
uted loadings are less pronounced than event-based ones. For example, fertil- 
izer applications that occur once or twice a year increase the average nutrient 
content and especially the maximum nutrient concentration quite significantly, 
whereas the effect of atmospheric deposition is much more obscure. The dif- 
ference in atmospheric loading between Scenarios 1 and 3 is almost two orders 
of magnitude, yet the nutrient response is only five to six times higher, even 
though loadings from other sources also increase. Similarly, the effect of sep- 
tic loadings that are occurring constantly is not so large. The average N con- 
centration is well correlated (r = 0.87) with the total amount of nutrients 
loaded. The effect of fertilizers is most pronounced among the individual fac- 
tors (r = 0.82), whereas the effect of other sources is much less (septic, r = 
0.02; decomposition, r = —0.40; atmosphere, r = 0.71). The fertilizer appli- 
cation rate determines the maximum nutrient concentrations (r = 0.76), with 
the total nutrient input also playing an important role (r = 0.55). Even the 
groundwater concentration of nutrients is related to fertilizer applications (r = 
0.64); however, in this case, the septic loadings are more important ( r = 0.68), 
even a more important one than the total N loading (r = 0.52). 

• The hydrologic response is quite strongly driven by the land use patterns. The 
peak flow (maximum 10% of flow) is determined by the degree of urbaniza- 
tion (r = 0.61). The base flow (minimum 50% of flow) is very much related to 
the number of forested cells (r = 0.78), but in both cases, there are obviously 
other factors involved. 

We used the NPP, excluding agriculture and urban areas, as an indicator of 
ecosystem health and ecosystem services. The NPP is primarily provided by 
forested areas in the watershed. Different land use patterns result in quite signifi- 
cant variations in NPP, both in the temporal (Fig. 8.9) and in the spatial (Figs. 
8.10a and 8.10b) domains. The predevelopment 1650 conditions produce the 
largest NPP; under buildout conditions NPP is the lowest. Interestingly, as seen 
from the changes in the spatial distribution of the NPP (Fig. 8.11), there are cer- 
tain areas that currently produce a higher NPP than in 1650. This is because of in- 
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Figure 8.9. Nitrogen loading and concentration of nitrogen in the Patuxent River under 
different scenarios of land use. 
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Figure 8.10. Variations in dynamics of NPP under various scenarios. 
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Figure 8.11. Spatial distribution of change in the NPP for various scenarios compared to 
the 1997 base case. The upper panel are those cells for which the base case had a larger 
NPP than the scenario. The lower panel shows those cells for which the base case had 
smaller NPP than the scenario. 



creased nutrient availability due to atmospheric deposition and fertilizer applica- 
tions in adjacent agricultural areas. 

8.8.7 Filling Information Gaps 

The scenario runs are extrapolation of the model to time domains beyond the ones 
for which we have data. Another way that the calibrated model can be used is for in- 
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Figure 8.12. Calculation of nitrogen contributions by various parts of the Patuxent wa- 
tershed: (A) nitrogen loading from septics, sewers, atmosphere, and fertilizers received by 
each of the three subwatersheds; (B) the amounts of nitrogen discharged into the estuary 
from the three sub watersheds; (C) comparison of nitrogen contributions with the areas of 
the subwatersheds. Although there is good correlation with area, we see that the effect of 
area is different for different loadings. 



terpolation, to cover the temporal or spatial domains in a more detailed and repre- 
sentative way. For example, Boynton et al. (1995) have constructed a series of ni- 
trogen and phosphorus budgets for the full Chesapeake system and the Patuxent 
River in particular. These provided considerable clarification regarding the sources, 
transport, and eventual fate of nutrients in these systems. However, for the Patux- 
ent, the budgets were available only for the entry point of the estuary (at Bowie) and 
at the mouth of the river where it drains into the bay. There was only a vague idea 
about how the nonpoint nutrient loading entered the estuary zone directly and what 
the amounts contributed by parts of the watershed were. 

Within the spatial framework of the overall PLM, the landscape evolves to re- 
flect changing hydrology, water quality, and material flows between adjacent 
cells. As a result, the PLM allows one to calculate nutrient inputs for any spatial 
location in response to varying atmospheric loading, fertilizer applications, land 
use patterns, and sewage discharges (including septic tanks). For budget calcula- 
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tions, the PLM was instrumental in generating spatially explicit loadings, in relat- 
ing loadings to specific land use patterns on the watershed, and in evaluating the 
budgets at finer temporal resolutions. 

For example, Figure 8.12 shows the contribution of three major components of 
the Patuxent watershed to the overall nitrogen loading of the estuary. We have 
calibrated the budget for the Bowie part and then used to model to estimate the 
contribution of the other parts of the watershed to the estuary. As one would ex- 
pect, there is a good correlation between the area of the subwatershed and the 
amount of nitrogen load that it contributes. However, the relationship changes 
from year to year (Fig. 8.12C), indicating that the effects of various sources of 
loading and various land use patterns are quite different. 



8.9 Conclusions 

Linked ecological economic models like the PLM are potentially important tools 
for addressing issues of land use change at the regional watershed scale. The 
model integrates our current understanding of ecological and economic processes 
at the site and landscape scales to give estimates of the effects of spatially explicit 
land use or land management changes. The model also highlights areas where 
knowledge is lacking and where further research should be targeted. Specifically, 
the PLM model represents advances in the following areas: 

• The model links topography, hydrology, nutrient dynamics, and vegetation 
dynamics at a fairly high temporal (1 day) and spatial (200 m) resolution with 
land use patterns and the longer-term dynamics of land use change. As far as 
we know, it is the most advanced model of its type for application at the re- 
gional watershed scale. 

• The model allows the impacts of the spatial pattern of land use on a large range 
of ecological indicators to be explicitly assessed, providing decision makers and 
the public with information about the consequences of specific land use patterns. 

• The model has been extensively calibrated over several time and space scales, 
a difficult and often ignored operation for models at this scale and complexity. 
New methods based on multicriteria decision models were developed for this 
purpose. 

• The model operates at several scales simultaneously, including the site (or unit 
model) scale and the landscape scale, which integrates all of the unit models. 

• The model is process based, with processes changing in dominance over time. 
This allows a better understanding of the underlying phenomenon occurring 
on landscapes and, therefore, more detailed predictions of the possible results 
of changing land uses and policies. 

• Although the model is formulated deterministically, extensive sensitivity 
analysis allows us to understand its complex dynamics without resorting to 
multiple stochastic replications. In the full spatial mode, when cells change 
from one land use type to another, a bifurcation threshold is simulated, and all 
of the parameters in the cell change to those of the new land use type. 
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• The high data requirements and computational complexities for this type of 
model mean that development and implementation are relatively slow and ex- 
pensive. However, for many of the questions being asked, this complexity is 
necessary. We have tried to find a balance between a simple, general model, 
which minimizes complexity and one that provides enough process-oriented, 
spatially and temporally explicit information to be useful for management pur- 
poses (Costanza and Maxwell, 1994). 

• Spatial data are becoming increasingly available for these types of analyses 
and our modeling framework is able to effectively use these data to model and 
manage the landscape. One can also use the model to estimate the value of 
specific data collection investments for a particular model, watershed, and set 
of goals. 

Because of the high complexity and large uncertainties in parameters and 
processes, any numerical estimates generated by the model are intended to be 
used with caution. The high data requirements and computational complexities 
impede model development and implementation. We will continue to trim model 
components where possible, based on sensitivity analyses while maintaining the 
process-based generality and spatial explicitness. 

Only the goal of a given study ultimately justifies the application of a certain 
modeling approach. In the case of large watersheds with complex and diverse 
ecosystem dynamics and extensive data requirements, the model inevitably needs 
fine-tuning to the peculiarities of local ecological processes and the specifics of 
available information. With models of such computational burden, we want to 
avoid all possible redundancies. Therefore, the approach based on modeling sys- 
tems and constructors that offer the flexibility of building models from existing 
functional blocks, libraries of modules, functions, and processes (Voinov and 
Akhremenkov, 1990; Maxwell and Costanza, 1997) seems to be more appropriate 
for watershed modeling. 

The Modular Modeling Language that we use and the LHEM approach offer 
the promise that models of varying degrees of detail can be archived and made 
available for interchange during new model development. Then, for implement- 
ing a model for a particular area, modules can be selected based on the relative 
importance of local processes, and high detail can be used where needed and 
avoided otherwise. The flexibility of rescaling the model spatially, temporally, 
and structurally allows us to build a hierarchical array of models varying in their 
resolution and complexity to suit the needs of particular studies and challenges, 
from local up to global ones. With each aggregation level and scheme chosen, we 
can view the output within the framework of other hierarchical levels and keep 
track of what we gain and what we lose. 

8.9.1 Ecosystem Health and Services 

One of the primary goals of this type of modeling is the assessment of the impacts 
of patterns of land use. But impacts on what? Water quality is one obvious end 
point, but it is really a much broader end point — something more like the overall 
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quality, “health,” or “integrity” of the environment — that is of interest (Costanza 
et al. 1992; Rapport et al., 1998). The question then becomes: How does one as- 
sess the overall quality or “health” of the environment, integrating over a broad 
range of indicators and stakeholders? One approach to this problem is the notion 
of “ecosystem services,” those functions of ecosystems that support, directly or 
indirectly, human well-being. This notion resonates with a broad range of stake- 
holders and also can be used to put ecological and economic services in a com- 
mon metric for comparison (Costanza et al., 1997). We are actively pursuing link- 
ing our modeling work with assessment and valuation of ecosystem health and 
services, as these may be the most readily understandable and comprehensive 
measures of performance in regional landscapes. 

8.9.2 “ Smart Growth” 

The PLM model can be used to analyze the impacts of specific development 
and/or regulatory policies. A couple of our current scenarios deal directly with 
these issues. For example, the policy sometimes referred to as “smart growth” has 
achieved some currency and has been advocated by several states, including Wis- 
consin and Maryland. “Smart” in this context is usually taken to mean “clustered” 
rather than “sprawled” development of new residential and commercial activities 
on the landscape. Scenarios 17 (residential clustering) and 18 (residential sprawl) 
look at the effects of a hypothetical clustering or sprawling of the existing resi- 
dential land uses. The clustering scenario converts all current low-density resi- 
dential land uses in the watershed to urban around three major centers, leaving 
everything else the same as the base-case scenario. The sprawl scenario converts 
all current high-density urban into residential, randomly spread around the water- 
shed. Table 8.3 shows some of the characteristics and impacts of these scenarios. 
Compared to the 1997 baseline, the clustered scenario had 276 km 2 of urban, 
compared to 92 km 2 , and 0 km 2 of residential compared to 3 1 1 km 2 , whereas the 
sprawled scenario had 652 km 2 of residential and 0 km 2 of urban. Forest and agri- 
cultural areas and nutrient inputs were adjusted accordingly. For example, the 
clustered scenario had an average of 17 kg/ha/year of N input from septic tanks, 
compared to 18 kg/ha/year for the base case and 27 kg/ha/year for the sprawled 
scenario. The sprawled scenario also had average fertilizer N input (101 
kg/ha/year) larger than both the clustered scenario (89 kg/ha/year) and the base- 
case scenario (100 kg/ha/year) due to additional inputs from more lawns. The 
clustered scenario is better in terms of N in streams, with lower values of the av- 
erage (10.5 mg/L) and Nmax (30.06 mg/L) than the base case (12.37 and 56.00, 
respectively) and about the same value for Nmin (1.33 versus 1.37 kg/ha/year). 
The sprawled scenario is much worse with 13.5, 45.14, and 3.55 kg/ha/year, re- 
spectively. The clustered scenario is a bit ambiguous in terms of hydrology com- 
pared to the base case, with higher Wmax and Wmin. This is due to the increased 
stormwater runoff from urban areas versus dispersed residential. This effect 
could be ameliorated with adequate urban stormwater management — which was 
not assumed to be present in the current scenario run. The sprawled scenario had 
a lower Wmax and about the same Wmin compared to the base case, due to the 
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replacement of agricultural land with low-density urban. Groundwater N was 
lower in the clustered and higher in the sprawled scenario than the base case. Fi- 
nally, the NPP was significantly higher in the clustered scenario (1.868 
kg/m 2 /year) than the base case (1.627 kg/m 2 /year) and lower in the sprawled sce- 
nario (1.271 kg/m 2 /year). The higher NPP correlates with a higher production of 
ecosystem services (see Section 8.9.1) and a higher quality of life. 

8.9.3 Modeling and Decision Making 

Humans interact with the model in two distinct but complementary ways. First, 
stakeholders were involved in developing the model and can use the model to ad- 
dress policy and management issues. In this mode, human decision-making is 
outside the model but interacts with the model iteratively. The model is affected 
by decisions stakeholders make via changes the modelers make in response to the 
stakeholder’s input and new scenarios that are run in response to their requests. 

In the second mode, human decision-making is internalized in the model. Only 
a few models have attempted to fully integrate ecological systems dynamics and 
endogenous human decision-making (cf. Carpenter et al., 1999), and none of 
these have been spatially explicit. In this mode, one tries to model the human 
agent’s responses to the changing conditions in each cell and the changes in built, 
human, and social capital. So far in the PLM, modeling of human decision- 
making has been limited to the economic land use conversion model discussed 
earlier. We are currently adding local socio-economic dynamics to the unit model 
to further internalize human decision-making. 

These two modes are complementary because observing how people make de- 
cisions interacting with the version of the model that does not include human 
decision-making can help us understand and calibrate the version of the model 
that does include human decision-making internally. 

We have been quite successful so far in using the model in mode one at several 
scales. Most land use policy decisions in Maryland are made at the county level, 
and we have been interacting with several counties (in particular, Calvert County) 
using the model to address land use policy decisions. For example, we performed 
a detailed case study of the Hunting Creek subwatershed for the Calvert County 
Planning Commission to address questions of land use impacts on stream water 
quality (see the CD enclosed and http://giee.uvm.edu/PLM for details). At the 
federal level, the Environmental Protection Agency (EPA) and other environ- 
mental management agencies are, as we stated at the beginning of this chapter, 
becoming much more involved in watershed and landscape-level analysis and 
policy-making. For these agencies, it is not so much the specific results for the 
Patuxent watershed that are of most interest, but the general technique and the 
general results that may be applicable to all watersheds. The landscape modeling 
techniques we have developed are certainly applicable to any watershed, and 
many of the scenarios we reported in this chapter are relevant to some of the gen- 
eral policy questions that EPA and other environmental management agencies are 
addressing. These include the impacts of buildout (Scenario 7), agricultural 
BMPs (Scenario 8), the overall impacts of agriculture (Scenario 14) and residen- 
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tial development (Scenario 15), and the effects of sprawl and clustering (Scenar- 
ios 17 and 18). Models like the PLM are essential tools to improve our ability to 
make informed regulatory policy decisions at the watershed and landscape scales. 

8.9.4 Future Work 

Future work will consider a range of additional scenarios, including climate 
change scenarios (changing storm frequency and intensity and CO, enrichment 
effects on plants) and additional development patterns that reflect specific “smart 
growth” initiatives. The model will also be used in the “design mode.” A series of 
stakeholder workshops are planned with the goal of achieving broader consensus 
on the preferred environmental and economic endpoints for the system. The 
model can be used to both inform this discussion and to determine the best way to 
achieve the desired end points. 

We will also develop methods to use spatial landscape indices (Turner, 1989; 
O’Neill, et al. 1992) to link simulation model output to ecosystem processes, 
which are not modeled spatially in the ecological model. Landscape-level analy- 
sis of land use data has shown promise in addressing how land use pattern may in- 
fluence population abundance, diversity and resilience (Geoghegan et al., 1997). 
Work in the Patuxent region has correlated bird abundance and species diversity 
with land use characteristics such as fragmentation (Flather and Sauer, 1996). 
Others have shown how source population distance and natural corridors can in- 
fluence recovery of both plants and animals following a catastrophic event (De- 
tenbeck et al., 1992; Gustafson and Gardner, 1996; Hawkins et al., 1988). We are 
calculating several spatial pattern indices using coastal plain watersheds and cre- 
ating empirical models, which link population characteristics to spatial pattern. 
These empirical models can be applied to the Patuxent watershed and, more im- 
portantly, to changes in the watershed as predicted by the PLM. 

Model development will continue with (1) a series of scaling experiments to 
better understand the trade-offs between spatial, temporal, and complexity reso- 
lution and model performance, (2) the addition of spatially explicit economic and 
social component to the unit model that will track built capital, human capital, 
and social capital, and (3) the addition of spatially explicit animal population 
models for deer, beaver, and other “landscape structuring” species. 

We also plan to continue software development to make spatially explicit land- 
scape modeling more accessible. The Modular Modeling Language we have been 
developing (Maxwell and Costanza, 1995) offers the promise that submodels or 
modules of varying degrees of detail can be developed independently and inter- 
changed during model development. Then, as users implement a model for a par- 
ticular area, modules can be selected based on the relative importance of local 
processes and high detail can be used where needed but otherwise avoided (see 
Chapter 3). More work also remains to be done to refine the model and address 
both data and model scaling issues. 

We expect that these efforts will further advance our understanding of the often 
subtle and indirect links between the ecological and economic parts of regional 




8. Patuxent Landscape Model 229 



landscape systems so that we may make the complex “place-based” decisions we 
face more wisely. 
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9.1 Introduction 

The Fort Hood Avian Simulation Model (FHASM) is a dynamic, spatially ex- 
plicit model of ecosystem processes and the population dynamics of two endan- 
gered passerines at Fort Hood, an Army training installation in central Texas 
(Trame et al., 1997). The FHASM can capture and integrate environmental param- 
eters of Fort Hood, thereby contributing to efforts to conserve black-capped vireo 
(BCVI) and the golden-cheeked warbler (GCWA) populations through habitat 
planning and management. The model simulates changes in vegetation and avian 
populations across the installation (approximately 88,000 ha) over 100-year inter- 
vals (although shorter or longer runs are easily accommodated). The user desig- 
nates management policies for each simulation run, and the model produces out- 
put maps and other data representing simulated BCVI and GCWA populations. 

To protect breeding habitat and reduce the impact of cowbird parasitism, nat- 
ural resource managers must incorporate scale processes into their management 
decisions. It is difficult, if not impossible, to conduct experiments to study the re- 
sponses of species to land use policies or management actions at large scales; ma- 
nipulations have logistical problems, and replication of such experiments is ex- 
pensive. To overcome these limitations, computer models can be developed to 
simulate changes for large regions over time. Simulations can capture and inte- 
grate information about the ecosystem processes at Fort Hood and thereby con- 
tribute to ongoing efforts to conserve BCVI and GCWA populations. 

The FHASM was used to generate probabilities of extinction for Fort Hood 
populations of the vireo and warbler under various scenarios, in a procedure 
known as population viability analysis (PVA). To do so, portions of FHASM 
were eliminated, and the resulting simplified model was distinguished with the 
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name FHASM-V. Two applications are described here. First, FHASM-V was 
compared to a 1996 model designed for use in PVA workshops of the vireo and 
warbler (Melton et al., 2001). Demographic variables were matched to Melton 
et al.’s variables as much as possible. Differences in the two approaches to pop- 
ulation viability assessment existed primarily due to differences in model struc- 
ture. For example, FHASM-V explicitly includes factors such as vegetation and 
habitat quality, unlike Melton et al.’s model. Second, a comparison was made 
among projected long-term probability of survival of the two species under 
three different habitat protection policies, using FHASM-V alone. Results fur- 
nished additional information for endangered species policy on Fort Hood 
while providing an interesting comparison to calculations using the 1996 model 
(Melton et al., 2001). This chapter documents the design and development of 
FHASM-V. 

9.2 Ecological and Management Background 

Fort Hood occupies 87,890 ha in Bell and Coryll counties, Texas. Within the 
Lampasas Cutplains physiographic region, the landscape of Fort Hood has alter- 
nating flat valleys and limestone escarpments, which rise as high as 379 m above 
the plains. Long, hot summers and short, moderate winters are typical for the 
area. Average monthly temperatures range from a low of about 8°C in January to 
a high of 29°C in July. The average annual precipitation is 81 cm (Tazik et al., 
1993). 

Fort Hood provides the breeding habitat for two endangered passerine birds: 
the golden-cheeked warbler (GCWA; Denclroica chrysoparia) and the black- 
capped vireo (BCVI; Vireo atricapillus). The two species have narrow, but con- 
flicting, habitat requirements for breeding. The BCVI requires early successional, 
scrubby vegetation, whereas the GCWA requires mature oak ( Quercus spp.)- 
ashe juniper ( Juniperus ashei) forests. High-quality sites for these species de- 
velop on limestone escarpments, and the GCWA habitat frequently succeeds the 
BCVI habitat after 20 or more years. The relative abundance and spatial pattern 
of habitat types on the landscape are important considerations for maintaining 
populations of both species. In addition, BCVI, and possibly GCWA, productiv- 
ity is impacted by the brood parasitism practiced by the brown-headed cowbird 
(BHCO; Molothrus ater). The distribution and abundance of the BHCO are influ- 
enced on a large scale by land use policies, especially cattle grazing and fire sup- 
pression. 

To protect important habitat and reduce the impact of cowbirds, natural re- 
source managers conduct management activities across the entire landscape of 
Fort Hood. Currently, three general management approaches are used: (1) Vege- 
tation is altered through prescribed burns or mechanical clearing in order to cre- 
ate a future BCVI habitat; (2) prescribed burns are used to reduce fuel loads near 
occupied GCWA habitat to avoid accidental habitat destruction, and (3) livetraps 
and shotguns are used to reduce the number of cowbirds. Monitoring of BCVI 
and GCWA populations suggests that these approaches are producing additional 
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breeding sites and reducing BHCO parasitism. Additional success may be possi- 
ble by optimizing the locations of BHCO traps and by optimizing the location and 
dispersion of suitable habitat for the BCVI and GCWA. 



9.3 The Modeling Environment 

The FHASM-V was created using the Spatial Modeling Environment (SME) 
software, developed at the University of Maryland (Maxwell, 1998; Maxwell and 
Costanza, 1993; Chapter 2 of this volume), GRASS GIS (www.baylor.edu/- 
grass) and STELLA modeling software (High Performance Systems, Inc., 1994) 
(Fig. 9.1). The general model of FHASM-V was constructed using the graphical, 
user-friendly STELLA program on a desktop computer. The propagation of the 
general FHASM-V model across a mapped landscape was accomplished by the 
SME software, running on a single Unix workstation. The SME is a raster-based 
landscape simulation environment that facilitates the simultaneous operation of a 
model in any number of raster cells. Most of the simulation algorithms run inde- 
pendently within each cell during a simulation run. In some cases, information is 
exchanged across multiple cells. Mapped parameters for each cell are initialized 
through geographic information system (GIS) layers, whereas parameters for 
nonspatial variables are initialized with constant values defined by mathematical 
functions. Periodically throughout the simulation, spatial data were transferred 
out of the SME and into GRASS for use in several GIS operations. GIS results 
were then transferred back into the SME to update certain dynamic variables. The 
GRASS and SME outputs were provided as GRASS maps and ASCII text that 
were analyzed and/or graphed using a number of visualization tools. 
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Figure 9.1. A graphical representation of the STELLA/SME/GRASS interactions used 
to develop FHASM-V. 
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9.4 Model Overview 

The landscape of Fort Hood is divided into 21,540 square grid cells, each repre- 
senting a 4-ha area (200 m X 200 m). This cell size is a reasonable representation 
of the average breeding territory for either species on Fort Hood (Weinberg et al., 
1996; Jette et al., 1998). The time step of FHASM-V is one quarter of the year 
(quarter 1 = January-March, quarter 2 = April-June, quarter 3 = July-Septem- 
ber, and quarter 4 = October-December). This time step allows the use of sum- 
mary statistics that describe recruitment by breeding birds over an entire breeding 
season (coinciding with quarter 2). 

The FHASM simulates processes believed to influence populations of BCVIs 
and GCWAs. The model provides information exchange among four submodels: 
Habitat, Avian, Map Input, and Simulation. The Habitat submodel simulates 
changes in vegetation due to natural succession, training activities, and grazing 
by cattle. Information about plant communities from the Habitat submodel is in- 
corporated by the Avian submodel. This submodel calculates the breeding habitat 
quality for adult BCVIs and GCWAs, which influences territory selection and re- 
productive productivity. The Map Input submodel provides initialization values 
for spatially explicit parameters. This submodel also stores maps that depict vari- 
ous land use scenarios that could be used in management scenarios. The Simula- 
tion submodel stores spatial variables generated each time step within a simula- 
tion run, so that dynamic spatial variables are available to the SME when needed. 



9.5 The Avian Submodel 

9.5.1 General Approach 

The FHASM-V is a female demographic model. Available demographic data, 
such as fecundity and survival rates, are assumed to be equal between males and 
females (in some cases, only male-specific data are available from held studies). 
We assume that the fledgling sex ratio is 1 : 1. The cell size of 4 ha represents a 
reasonable approximation of territory sizes, so at the beginning of the breeding 
season, a maximum of one breeding female of either species is placed into a given 
cell. In certain habitat types, both species may be placed in a single cell. We as- 
sume that all returning females become successfully mated if sufficient habitat is 
available for breeding. We assume no adult mortality during the breeding season. 
At the end of the breeding season (quarter 2), all females, adults and fledglings, 
migrate to wintering grounds. A number of survivors return the following year at 
the beginning of the breeding season and occupy appropriate habitat. 

9.5.2 Determination of Habitat Quality 

The habitat requirements of the vireo and warbler are modeled in FHASM-V at 
two levels: suitability and quality. The suitability value includes edaphic factors, 
(e.g., elevation, slope, aspect, soil type, and geology) and plant community fac- 
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tors [e.g., community type and age of the community (serai stage)], that are core 
characteristics of the habitat. Overall values range from 0 (unsuitable) to 3 (high 
suitability). Habitat quality incorporates additional influences and affects distri- 
bution of the birds upon their arrival each spring (see Section 9.5.3). Habitat qual- 
ity for the warbler is based on habitat suitability, previous occupancy of the cell, 
and habitat patch size, all acting with equal and additive influence. Habitat qual- 
ity for the vireo is based only on habitat suitability and previous occupancy. The 
Avian submodel keep tracks of previous occupation in order to consider the influ- 
ence of site fidelity between consecutive years. A cell that was occupied the pre- 
vious breeding season has an increased likelihood of being occupied in the cur- 
rent breeding season. Site fidelity and repeated use of breeding grounds has been 
observed in both species (Weinberg et al., 1998; Jette et al., 1998). 

9.5.3 Occupation of Habitat upon Spring Arrival 

The numbers of females returning from winter migration are dynamic variables 
(see Section 9.5.6). A shell script, utilizing the GRASS program “r.birds,” dis- 
tributes one female bird per cell at the end of the first quarter of each simulation. 
Females 2 years old and older (ASY) are distributed prior to second-year (SY) fe- 
males, and golden-cheeked warblers are distributed prior to black-capped vireos, 
matching observed patterns of arrival on Fort Hood (Jette, Oak Ridge Postgradu- 
ate Research Fellow, USA CERL, professional discussion, December 1996). This 
distribution pattern confers advantage to older individuals in securing the best 
habitat patches. The distribution confers advantage to ASY individuals in secur- 
ing the best habitat patches. The r.birds program considers current habitat quality 
(see Section 9.5.2) and the relative importance of habitat quality levels to site se- 
lection because it places individuals on the landscape, generally allowing higher- 
quality sites to become occupied before lower-quality sites. The resulting distri- 
bution is captured in GRASS maps. 

9.5.4 Determining Productivity 

Productivity of vireos and warblers is modeled with different approaches. In addi- 
tion, calculations of vireo productivity were done differently in FHASM-V com- 
pared to Melton et ah’s (2001) approach to vireo productivity. Melton et al. used 
the mean and variance of female fecundity for one age class of the vireo. The nest- 
ing ecology of BCVIs is complex. A pair may attempt more than one clutch of 
young, especially if losses occur due to predation, weather events, or abandonment 
after cowbird parasitism. The probability of successful renesting may be related to 
past nest fates (was it depredated? was it parasitized? was it successful?) and how 
late in the nesting season a new attempt begins. Most available field data are gath- 
ered and analyzed as per-nest-attempt rates (e.g., parasitism rate per nesting at- 
tempt, predation rate per nesting attempt, etc.). Calculations of seasonal fecundity 
(number of fledglings per breeding female per year) from such data are provided 
by Pease and Grzybowski (1995), using vireo data as one example. Data from this 
model, provided in the 1995 BCVI Population and Habitat Viability Assessment 
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Report (USFWS, 1996), were used to relate parasitism rate and habitat quality to 
seasonal fecundity. Constant variables in the model included the following: 

• Fecundity of successful unparasitized nests (= 3.1 fledglings) 

• Fecundity of successful parasitized nests (= 0.2 fledglings) (due to one nest in 
which the cowbird eggs did not hatch and the vireos fledged) 

• The first day of the nesting cycle on which a nest could be initiated (day 68) 

Nest-attempt-specific parasitism and predation rates, each ranging from 0% to 
90%, affect seasonal fecundity. Pease and Grzybowski (1995) labeled any loss of 
a clutch that was not due to cowbird parasitism as “depredated,” even though it 
could have been lost as a result of abandonment, death of a parent bird, or death 
from disease or weather events, and so forth. The FHASM-V links these depreda- 
tion (or nonparasitism-related loss of offspring) rates with habitat quality levels 
calculated by other sections of the Avian submodel. Nest-attempt-specific losses 
of 20% are modeled for high-quality habitat sites, losses of 50% are modeled 
for moderate quality habitat sites, and losses of 70% are modeled for the lowest- 
quality sites. Analysis in Statview produced strong relationships (R 2 values 
>0.98 for all three analyses) between parasitism rates and fecundity for each 
level of habitat quality (Harper, unpublished data). This approach allowed results 
of the Pease and Grzybowski model to be incorporated directly into the FHASM- 
V, without incorporating the detailed equations used by the model. Nest-attempt- 
specific parasitism rates are generated by simulations of cowbird management ef- 
forts (see Section 9.5.5). These parasitism rates and habitat quality levels 
influence the fecundity value assigned to vireo territories. The value assigned is 
the average number of female fledglings produced in all territories with the same 
habitat quality level and facing the same risk of parasitism. 

The nesting ecology of the golden-cheeked warbler led to a different approach to 
modeling fecundity in FHASM-V. Cowbird parasitism is not well documented for 
the warbler, as nests are rarely located by researchers. However, one field biologist 
recommended a constant probability of 0.005 and that a parasitism event led to loss 
of one warbler offspring (L. Jette, personal communication). Available data for 
warbler breeding included only three occurrences of renesting. This means that sea- 
sonal fecundity is much easier to calculate in the warbler compared to the vireo. It 
was possible to calculate seasonal totals of number of female fledglings produced 
directly from field records. Age-specific differences in fecundity were available 
from field studies and were incorporated. Other than small losses due to parasitism, 
this approach is comparable to Melton et al.’s (2001) PVA approach, and indeed, 
most demographic variables are parameterized identically in the two models. 

9.5.5 Cowbird Control 

Calculations of the probability of cowbird parasitism is based on a documented 
mathematical relationship between control efforts and parasitism rates at Fort 
Hood. Since 1988, the population of cowbirds at Fort Hood has been reduced 
through the use of large live traps. In 1988 and 1989, only a few (three and seven, 
respectively) traps were installed within occupied vireo breeding habitat. Since 
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1991, traps were located in cowbird foraging areas, in an attempt to capture more 
birds. For all years except 1988, captured females were killed and males and ju- 
veniles were released. 

In 1989 and from 1991 to 1996, female cowbirds also have been killed by at- 
tracting them with a taped playback of female chatter calls, followed by targeted 
shooting. In the earlier years, shooting efforts were conducted on an ad hoc basis 
and were not recorded. Since 1993, locations of cowbirds have been recorded 
(Hayden et al., 2000). Shooting now is focused within occupied vireo habitat, in 
order to remove females that have a very high probability of parasitizing the nests 
of endangered species (Eckrich, Cowbird Control Technician, Fort Hood, TX, 
personal communication, 1996). 

Cowbird parasitism also is reduced by research technicians, who addle, re- 
move, or kill cowbird eggs and nestlings found in parasitized nests monitored for 
research purposes. The FHASM-V incorporates this management activity by re- 
ducing the parasitism rate in consistently studied locations by the proportion of 
all nesting attempts in which nests are located. We assume that this reflects the 
proportion of all nests that are manipulated to remove cowbirds. 

All control and parasitism data used in this section were taken from the work of 
Hayden and Tazik (1992), Bolsinger and Hayden (1992, 1994), Tazik and Cor- 
nelius (1993), Weinberg, Bolsinger and Hayden (1995), and Weinberg et al. 
(1996). As cowbird control efforts and numbers of females killed increased from 
1988 through 1995, postwide parasitism rates dropped dramatically from 90.91% 
in 1987 to a low of 12.59% in 1994 and 15.17% in 1995. Control efforts (i.e., the 
total number of female cowbirds captured and shot across the entire post) were 
used to estimate the probability of parasitism according to location (“live fire 
areas” and “nonlive fire areas” on the installation are not equally accessible for 
shooting efforts). Based on historical data (1987-1988, 1991-1995), we found 
that the overall percent of vireo nests parasitized in nonlive fire areas was 
strongly related (adjusted R 2 = 0.980507) to the number of females killed by 
shooting (F = 59.5913, df = I . p <0.0015), the number of females captured by 
trapping ( F = 166.2290, df = I , p <0.0002), and their interaction (F = 16.8250, 
df= 1 , p <0.0148). In the live fire areas, the number of vireo nests parasitized was 
strongly related (adjusted R 2 = 0.94839) to the number of females captured by 
trapping alone ( F = 129.6201, df=l, p <0.0000). Parasitism was not related to 
number of cowbird females shot or to the interaction effect in the live fire area. 

Five regions were used to model trapping efforts and efficiencies: west ranges, 
east ranges, live fire area, cantonment areas, and west Fort Hood. These regions 
historically have been recognized by Fort Hood personnel due to differences in 
control activities, land use practices, including military training, and topography 
(Hayden et al., 2000). 

The number of females captured and shot is modeled as a function of effort and 
efficiency. Effort is defined as the number of trap-days or shooting excursions for 
the second quarter of each simulation year (the breeding season). Efficiency is de- 
fined as the number of females trapped per trap day or the number of females shot 
per shooting excursion. The product of these measures produces the number of 
females killed, which is used in calculating the percent parasitism. These mea- 
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sures are modeled at the regional scale for trapping, and at the postwide scale for 
shooting, they are based on available data. The FHASM-V is parameterized with 
trapping effort values from 1995 (Weinberg et al., 1996) and an estimated shoot- 
ing effort value for 1995 (calculated by a linear regression equation from 1989 
data). Trapping efficiency differed among regions, as female cowbirds were cap- 
tured more easily in some regions than in others. The FHASM-V is parameterized 
with regional efficiency values for trapping from 1995. The efficiency of shooting 
equals the postwide efficiency observed in 1989. 

9.5.6 Migration and Overwintering Losses from Fort Hood 

The contribution of each breeding territory to the following year’ s population is 
calculated by subtracting the number of offspring and adults that die while not at 
Fort Hood (including migration in both directions and winter mortality) from the 
number of female fledglings and adults at the end of the previous breeding sea- 
son. The probability of a single fledgling or adult returning to Fort Hood has been 
determined through recapture studies of both species. It is unknown whether 
losses are due to mortality or permanent emigration from the installation, so the 
FHASM-V utilizes the simplifying assumption that losses represent mortality, 
and immigration and emigration from Fort Hood are negligible. The probability 
of each individual fledgling and adult not returning to Fort Hood is calculated in- 
dependently. Those not returning are subtracted to reduce the number of the next 
year’s population accordingly. The results are used by r.birds to allocate individ- 
uals on the landscape the following year. 



9.6 Habitat Submodel 

9.6.1 Vegetation Types and Serai Stages 

The FHASM-V was initialized with a slightly modified, 1987 terrain analysis 
(vegetation) map provided as a GRASS data layer by the Fort Hood Environmen- 
tal Division. The input map contains 15 community types that have been slightly 
altered. Each plant community type is identified by a unique number code (1-15). 
Each cell is given an initial value representing the number of years its community 
has persisted, so that different successional seres could be included upon initial- 
ization. This serai map was built by identifying the length of time each commu- 
nity persists on different soil types (in the absence of disturbance) and then ran- 
domly assigning a value within that range. To mimic a patchy mosaic of past 
succession, blocks of communities are broken up by calculating a new random 
number for each unique combination of plant community type and soil type. 

9.6.2 Vegetation Dynamics 

Community development and change were estimated based on natural succession, 
management activities, land use policies, and natural disturbances, primarily 
through a literature review and discussions with Fort Hood personnel. The Long- 
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Term Land Uses matrix defines the progression of community types based on soil 
type, time in community type, and long-term land use regimes (grazing and mili- 
tary training). The soils of Fort Hood were divided into three groups of soil associ- 
ations [the following information taken from the U.S. Department of Agriculture 
(USDA, 1985)]. Eckrant-Real Rock soils are most common on ridges and hill- 
sides and are associated with limestone bedrock. These soils are often droughty 
and poor in nutrients, which allows invasion of and, in some cases, domination by 
ashe juniper. The prevalence of ashe juniper on Eckrant-Real Rock sites is re- 
flected in the FHASM-V through invasion by juniper into young plant communi- 
ties and increased juniper canopy cover in the absence of disturbance. The second 
soil association is comprised of a broad group of prairie and floodplain soils 
(Nuff-Cho, Bosque-Frio-Lewisville, Doss-Real-Krum, and Slidell, Topsey- 
Brackett). Different successional patterns were estimated for these areas, reducing 
the importance of juniper because it has less of a competitive advantage in more 
fertile soils. Bastil-Minwells soils support post oak savannah communities, which 
appear more resistant to juniper invasion and domination than other communities 
(Eckrich and Trame Shapiro, personal observations, 1996). In the FHASM-V, ma- 
ture post oak savannahs which occur on Bastil-Minwells soils do not experience 
juniper invasion. However, other communities experience juniper invasion and de- 
velop into mixed forests. Soil type was captured in a GRASS map and then was 
categorized into the three soil types. 

Vegetation dynamics are influenced by topography. The south-facing slopes of 
the escarpments have extremely dry soils that sometimes support 100% ashe ju- 
niper scrub or forests. Therefore, succession of plant communities is unique on 
steep south-facing slopes. 

Long-term grazing and/or training policies affect successional patterns in the 
Habitat submodel. Concentrated grazing reduces the biomass of grasses, which 
increases the invasion rates of woody species, especially juniper (Cornelius, 
Wildlife Biologist, Endangered Species Branch, Fort Hood, TX, personal com- 
munications, 1996). Over long periods of time, grazing may significantly reduce 
or eliminate hardwood regeneration and lead to a change in community type 
(Dyksterhuis, 1948; West, 1988). Similarly, long-term mechanized training may 
also reduce woody vegetation and convert woodlands into grassland (Trame, 
1997). The FHASM-V tracks the influence of three land use patterns: (1) moder- 
ate or intense military training, with any level of grazing, (2) moderate or inten- 
sive grazing, but low military training activity, and (3) negligible levels of both 
grazing and training. Training and grazing patterns are input as GRASS maps and 
do not change over time within a simulation. 

For each of the soil type and land use combinations, there is a unique transition 
matrix that defines changes in vegetation type according to available ecological 
information. 



9.7 The Application 

Melton et al.’s 1996 PVA was conducted using RAMAS/METAPOP software, 
which utilizes a population matrix model structure. At least 1 1 different values 
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Figure 9.2. The effect of carrying capacity (K) on probability of extinction; results from 
Melton et al. (2001). GCWA = Golden-Cheeked Warbler, BCVI = Black-Capped Vireo. 
VSHY = Variance in survival of one-year-old individuals. 



for carrying capacity ( K) were evaluated for effect on probability of extinction, 
with 1000 iterations run for each value (Fig. 9.2) (Melton et al., 2001). The 
FHASM-V application consisted of two phases. The first phase removed all spa- 
tially explicit vegetation and habitat information and simply matched the demo- 
graphic values from the 1996 PVA (Table 9.1). The first phase was conducted 
using only warbler data, because the FHASM-V and PVA modeling approaches 
were more similar for that species. This first phase allowed comparison of model 
structure alone. Simulations compared three levels of carrying capacity (K), iden- 
tified to be of interest by the original PVA results: K = 50, 500, and 2000 breed- 
ing pairs. Preliminary results from FHASM-V indicated a much lower probability 
of extinction for warblers over 100 years, as compared to Melton et al.'s (2001) 
results (Table 9.2). This could be due to slight differences in input data, especially 
in the treatment of variance (Table 9. 1 ) or could be due to structural differences in 
the two modeling approaches. 

The second phase utilized the spatial capabilities of the FHASM-V, incorpo- 
rating dynamic landscape simulation of vegetation change and the resulting im- 
pact on habitat quality. Comparisons could not be made among different values 
of K, because K cannot be held constant in a dynamic vegetation model. Instead, 
three habitat protection policies on the installation were compared: (1) pre-1998 
policies regarding military training, (2) military training policies imparted by the 
1998 Endangered Species Management Plan (Hayden et al., 2001), and (3) a hy- 
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Table 9.1. Comparison of parameters used in Melton et al. (2001) PVA and preliminary 
FHASM-V PYA (for warblers only) 



Parameter 


Melton et al. (2001) 


FHASM-V 


Starting population 
number 

Survival of one-year-olds 
(SHY) 


1600 

0.5 


1600 

0.5 


Variance (SHY) 


0.0119 (temporal) 


0.0119 (spatial) 


Survival of two-year-olds 
and older (SAHY) 


0.57 


0.57 


Variance (SAHY ) 


0.0119 (temporal) 


0.0119 (spatial) 


Fecundity, two-year olds 
(SY) 


0.7535 males per breeding 
male* 


Probabilistic chance of 
1, 2, 3, or 4 female offspring 
per territory** 


Temporal variance, 
fecundity, SY 


0.024 


N/A 


Fecundity, older than two- 
year-olds (ASY) 


1.075 males per breeding 
male* 


Probabilistic chance of 
1, 2, 3, or 4 female offspring 
per territory** 


Temporal variance, 
fecundity, ASY 


0.0056 


N/A 


* based on 1992-1994 field data 

** based on 1993 and 1994 field data (1992 not available) 



Table 9.2. Probabilities of extinction for golden-cheeked warblers, from Melton et al. 
(2001) and from preliminary tuns using FHASM-V 


Carrying Capacity 


FHASM-V 


Melton et al. (2001) 


50 


0.13 


0.521 


500 


0.01 


0.041 


2000 


0.00 


0.005 



pothetical policy of no military training restrictions on post. Maps depicting pro- 
tected habitat with various training restrictions were provided by the Fort Hood 
Endangered Species Branch. These maps were used as input to the Habitat sub- 
model (see Section 9.6), and triggered different vegetation transition matrices. 
The resulting differences in vegetation affected habitat quality and indirectly af- 
fected avian demographics. No runs of FHASM-V resulted in population extinc- 
tion for either the warbler or the vireo under any of the three training scenarios. 
For vireos, this result was likely due to adequate habitat availability, and the fact 
that reproductive success was based in some part on habitat quality. This model 
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Figure 9.3. Number of Black-Capped Vireo individuals (mean +/— standard deviation) 
through time from 137 simulation runs with FHASM-V. These data were generated using 
the 1998 Endangered Species Management Plan scenario but are representative of results 
for all three scenarios (A.M. Trame Shapiro, unpublished data, 1996). 



structure could buffer the simulated population from temporal stochasticity alone. 
Population averages and standard deviations for each species were very similar 
through time under each of the training scenarios (see Figures 9.3 and 9.4 as rep- 
resentative examples for each of the species). However, all standard deviations 
were high, indicating the need for many more iterations during future applica- 
tions of FHASM-V. 

Our preliminary results indicate that structural differences in viability models 
could lead to significant differences in estimates of population viability or vulner- 
ability. Managers and enforcement agencies may benefit from comparisons 
among competing models during PVA exercises, followed by in-depth examina- 
tion of the underlying mechanisms for any significant differences. In our prelimi- 
nary exercises reported here, the differences between Melton et al.’s (2001) PVA 
for warblers and the FHASM-V results for warblers warrant further examination. 
If landscape simulation approaches such as FHASM-V prove to be useful, such 
models can be expanded to include a wide variety of issues. For example, 
FHASM-V could be expanded to include cowbird control efforts and habitat en- 
hancement efforts. The FHASM-V and similar dynamic landscape models poten- 
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Figure 9.4. Number of Golden-Cheeked Warbler individuals (mean +/— standard devi- 
ation) through time from 137 simulation runs with FHASM-V. These data were generated 
using the 1998 Endangered Species Management Plan scenario but are representative of 
results for all three scenarios (A.M. Trame Shapiro, unpublished data, 1996). 



tially will provide a new generation of PVA tools, to be used in combination with 
traditional approaches, to evaluate the long-term effects of not only demographic 
characteristics of small populations, but dynamic landscape changes in habitat 
quantity and quality as well. 
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Simulating Land Use Alternatives and 
Their Impacts on a Desert Tortoise 
Population in the Mojave Desert, 
California 

Jocelyn L. Aycrigg, Steven J. Harper, and James D. Westervelt 



10.1 Introduction 

Computer-based simulation modeling is becoming an increasingly important tool 
for ecological research and management. It can provide insights into species- 
habitat relationships, patterns of habitat in space and time, and the impacts of var- 
ious activities on animal populations and their environments (Turner et al., 1995). 
Recently, efforts have been directed toward developing spatially explicit models 
(Pulliam et al., 1992; Turner et al., 1995) because the spatial distribution and com- 
plexity of land characteristics makes it difficult to analyze and simulate a land- 
scape as a whole. Partitioning a landscape into small but connected parcels makes 
it possible to work with patches of land that can be considered homogeneous (e.g., 
gridded landscape models). This approach seems especially useful for developing 
spatially explicit models for endangered species. 

Our model is one in a series of models developed at the U.S. Army Construc- 
tion Engineering Research Laboratories (USACERL), Champaign, Illinois to 
study the processes involved with building dynamic landscape simulation (DLS) 
models. In this DLS model, we constructed a spatially dynamic habitat model to 
assess the impacts of military training across time and space on a desert tortoise 
population (Gopherus agassizii ) and its habitat. The desert tortoise was desig- 
nated as federally threatened in the Mojave Desert in 1990 (Fig. 10.1). It is un- 
evenly distributed over large areas, which makes estimating its population den- 
sity difficult. Furthermore, it is a long-lived animal with a low reproductive rate, 
making it highly susceptible to perturbations in the environment (Woodman et 
al., 1986). 

Our spatially explicit model for the desert tortoise is a computer-based simula- 
tion that runs in simulation time. The model is composed of mathematical, logi- 
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Figure 10. 1 . The Desert tortoise f Gopherus agassizii), a federally threatened species, in 
the Mojave Desert, California. 



cal, and stochastic algorithms. The initial conditions are seeded with a snapshot 
of the system at some real or artificial start time. Input data used to initialize the 
model include raster images, vector data, point information, and object status and 
location. Model output reveals potential changes within the landscape associated 
with different land management alternatives. 

Our study serves as a scientific investigation of the sensitivity of the developed 
model to simulated variations. Our model and results are not expected to provide 
land managers with detailed predictions of specific impacts, but to demonstrate 
the feasibility of using this modeling approach to develop landscape-level simu- 
lations. At best, our results could be viewed as suggestive of the trends that might 
be expected as training intensity is changed both temporally and spatially. Our 
objective was to create and evaluate a spatial DLS model and its ability to predict 
the response of tortoise population density and habitat in the model to changes in 
intensity, location, and season of military training. Our model results should be 
verified through the observations of land managers and controlled field experi- 
ments. Further model development in cooperation with local land managers could 
provide a powerful tool for managing this desert ecosystem. 



10.2 Study Area 

Fort Irwin is located midway between Los Angeles, California, and Las Vegas, 
Nevada, in the center of the Mojave Desert (Fig. 10.2). It is approximately 
260,000 ha, with elevations of 390-1865 m. Summer temperatures range from 
35-46°C and winter temperatures range from — 7-5°C. Precipitation is low (ap- 
proximately 6-8 cm annually). Since 1979, Fort Irwin has been the National 
Training Center for the Army, providing a large training area for force-on-force 
military training. The desert tortoise, a federally threatened species, occurs at Fort 
Irwin and throughout the Mojave Desert ecosystem. Krzysik (1994, 1997) be- 
lieves that the prolonged, intensive military training, which has occurred for over 
50 years, and its associated disturbances to the landscape (e.g., road construction 
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Figure 10.2. Location and elevation maps of Fort Irwin, California, which encompasses 
approximately 260,000 ha with elevations of 390-1 865 m. Since 1979, Fort Irwin has been 
the Army's National Training Center, which provides large areas of force-on-force mili- 
tary training. 



and traffic) have had a significant impact on desert tortoise habitat. These impacts 
have influenced the decline of the tortoise population at Fort Irwin between 1950 
and 1990 (Krzysik 1994, 1997). 

10.3 Approach 

10.3.1 Modeling Environment 

The model's spatial resolution was fixed at a l-km 2 -sized cell. This is the approx- 
imate home range size of a desert tortoise (Krzysik, 1994). This cell resolution 
divided the Fort Irwin landscape into 3249 cells. The single-cell model ran in 
each cell with the initialization values differing among cells. A fixed 1 -month 
time step was chosen, which accommodated seasonal changes within the land- 
scape such as weather patterns, tortoise nesting and egg-laying seasons, and veg- 
etation growth cycles. All simulations were initiated in January (time step 0). The 
state of any given cell was a function of its state in the previous time step, the 
state of adjacent neighbors in the previous time step, and external weather factors. 

We developed the basic land simulation model with STELLA II (High Perfor- 
mance Systems, Inc., Hanover, NH), a graphics-oriented simulation modeling 
language. STELLA uses icons and schematics, linked with equations as the 
mechanism to build models. We used STELLA to build the basic processes that 
ran with a single cell. To apply the model simulation across multiple cells, 
STELLA equations were translated into C+ + programs using the Spatial Model- 
ing Environment (SME, version 2) (Maxwell and Costanza, 1994, 1995). The 
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SME mimics the same functions of the single-cell STELLA model, but runs the 
single-cell model simultaneously in each 1-km 2 cell, allows data to transfer be- 
tween adjacent cells, and generates spatially explicit output. 

We created initialization maps using Geographic Resource Analysis Support 
System (GRASS) (USACERL, 1993), a geographic information system (GIS) 
software program based in Unix. Output data from the SME were written to 
GRASS data layers. 

10.3.2 Data Sources 

We used a combination of data, including raster maps, satellite imagery, vector 
maps, and point data to calibrate initial conditions within the model. Vegetation 
maps were derived from transect data from the Land Condition Trend Analysis 
(LCTA) program (Tazik et al., 1992). A back-propagation neural network con- 
verted the data into GIS raster maps of the habitat at Fort Irwin (Wu and Wester- 
velt, 1994). Similarly, maps of tortoise population density were obtained from 
transect data collected by Krzysik (1991, 1994, 1997) using a back-propagation 
neural network (Westervelt et al., 1997; Wu and Westervelt, 1994). Topography 
data were acquired from digital elevation models (DEM) that were used to derive 
slope and aspect maps. 



10.4 Model Description 

We divided the single-cell model into five major submodels: climate (including 
soil moisture and temperature), vegetation, tortoise population dynamics, tortoise 
dispersal movements, and military training activities (Aycrigg et al., 1998; West- 
ervelt et al., 1997). The simulation modeled tortoise populations over a 250-year 
time period. Model parameters were altered to simulate the outcome of various 
training scenarios. 

10.4.1 Climate Submodel 

This submodel determined precipitation, temperature (monthly and surface), soil 
water balance, and soil moisture (i.e., available water content). Other climate 
models more accurately simulate climate and hydrological processes, but typi- 
cally these models operate at time steps less than 1 month and are based on de- 
tailed field data for calibration. We did not use these types of model because of 
the lack of appropriate data and the time-step constraint. However, we feel that 
our climate submodel, given the climate and hydrologic setting of our landscape, 
was suitable. 

We used a 20-year precipitation record from a rain gauge at Fort Irwin to calculate 
precipitation for the model. Precipitation was determined by adjusting the standard 
deviation from a series of 50-year simulations that generated monthly mean and 
maximum amounts of precipitation. Using the adjusted standard deviation provides 
sufficient variability in output values, but does not significantly change the mean of 
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the output distribution. Means were consistently within 5% of the observed 20-year 
values, but generated maxima were often considerably smaller than those observed. 
Given that long-term effects were the focus of our model, the output was acceptable. 

We obtained temperature data during 1973-1992 from the National Oceanic 
and Atmospheric Administration (NOAA) station in Barstow, California, approx- 
imately 10 miles east of Fort Irwin. The historical temperature distribution for 
mean and mean maximum was consistent with a normal distribution; therefore, 
we used these values for our model parameters. Each month’s mean temperature 
varied within the appropriate historical values according to a normal distribution. 
The maximum temperature was higher than the mean by a value that was deter- 
mined in the same manner. Additionally, surface temperature was modified based 
on the topographic and elevational changes across the landscape. 

The soil water balance had five components, precipitation (discussed earlier), 
infiltration, evapotranspiration, runoff, and soil moisture. Because desert soils are 
capable of high infiltration, we assumed winter precipitation infiltrated the soil, 
whereas intense summer precipitation had only a 40% infiltration rate, with 60% 
of precipitation leaving the system as runoff (Evans et al., 1981). Evapotranspira- 
tion is the total of all water naturally leaving the ground’s surface and vegetation 
in gaseous form. We used the Thornthwaite model of evapotranspiration (Thorn- 
thwaite, 1948), which uses an empirically derived relationship between mean 
monthly temperature and soil moisture. Additionally, we assumed that evapotran- 
spiration had no dependence on vegetative cover at any point within Fort Irwin 
(Evans et al., 1981). Runoff was limited to being the difference between water 
that fell as precipitation and water that infiltrated the soil, because we assumed 
surplus water in the model left the cell in which it fell as well as Fort Irwin as pre- 
cipitation. If more precipitation fell than could evaporate, the soil absorbed water 
until it was saturated and then all additional precipitation ran off. 

Soil moisture was measured as the mean monthly available water content 
(AWC) of the soil. It was generated using a deterministic run (nonrandom values 
of temperature and precipitation were used) of the climate submodel. Soil mois- 
ture for each month was output as a spatially explicit map. These maps were then 
used as input for the monthly soil moisture values for each cell and these values 
were compared to current soil moisture when determining the index of soil mois- 
ture. Soil moisture varied between a minimum of zero and a maximum given by 
the available water content of the soil. 



10.4.2 Vegetation Submodel 

This submodel provided a rough rendering of the current plant community distri- 
bution and growth at Fort Irwin. Tortoise growth rates, physical condition, sur- 
vival, movement, and reproduction all respond directly or indirectly to alterations 
within the plant community. 

Initially, we created a map of total vegetative cover for Fort Irwin based on 
cover estimates determined at 200 randomly selected points collected as part of 
the Land Condition-Trend Analysis (LCTA) program (Tazik et al., 1992). Each 
point represented a 100-m linear transect. Aerial cover was estimated by calculat- 
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ing the percentage of sampling points along a transect that touched vegetation. To 
generate the map of vegetative cover, a back-propagation neural network was used 
(Wu and Westervelt, 1994). The neural network determined the best correlation 
between LCTA data and existing maps (i.e., satellite images, elevation, slope, wa- 
tersheds, and road buffers). We used these correlations to extrapolate vegetation 
cover estimates from LCTA data to all of Fort Irwin. The amount of vegetation 
was quantified to units of percent aerial cover. We used the logistic equation 
dN/dt = rN (1-N/K) to describe seasonal changes in vegetation (Ricklefs, 1990). 

Furthermore, vegetation carrying-capacity maps were generated with a back- 
propagation neural network (Wu and Westervelt, 1994) that determined the best 
correlation between physical characteristics (e.g., slope, aspect, soil type, eleva- 
tion) of the cell and 500 data points randomly selected from the northern section 
of Fort Irwin. We assumed the northern area, a bombing range, was near its “orig- 
inal” carrying capacity given that it had not been exposed to severe tracked vehi- 
cle impacts. A negative linear relationship between carrying capacity of vegeta- 
tion and degree of training activity was assumed within each cell. This was 
represented by soil compaction. We also assumed the vegetation carrying capac- 
ity of each cell was affected by annual variability in soil moisture. Therefore, in 
each cell of the model, vegetation carrying capacity increased when the current 
monthly soil moisture was greater than the mean and decreased when less than 
the mean (Beatley, 1974; Lane et ah, 1984; Inouye, 1991, Schlesinger and Jones, 
1984). Additional human impacts beyond conditions already present at the instal- 
lation (i.e., military training) were ignored and, consequently, the vegetation car- 
rying capacity increased as the soils regenerated and plant succession occurred. 

The vegetative community within each cell was described in terms of major 
plant categories (shrubs and annuals) and phases of growth (green and brown). 
This approach allowed the model to describe community-level shifts in composi- 
tion due to disturbance and secondary successional changes while eliminating the 
need for a highly detailed model that was required if individual plant species were 
modeled. The percent shrub cover at the climax state was determined in a manner 
similar to that used to calculate the vegetation carrying capacity for each cell by 
randomly selecting 500 points from an area that had not recently been used for 
training activities. Shrub carrying capacity, which was determined by physical 
factors, was also reduced by a fixed proportion relative to soil compaction. This 
approach reflected the reduction in shrub cover and allowed for the subsequent 
rapid colonization by annuals following disturbance to occur (Goran et al., 1983; 
Prose et al., 1987). The vegetative community was predicted to return, at a con- 
stant rate, to the climax state following disturbance; however, decades may be re- 
quired for desert vegetation communities to recover their original composition 
before disturbance (Prose et al., 1987; Wallace et al., 1980). There is debate as to 
whether communities ever return to their predisturbance state (Knapp, 1992). We 
assumed plant communities would return to their predisturbance state and the rate 
of return to a climax state would take 70 years for any cell. 

We assumed an intrinsic growth rate of 0.85 for all green vegetation. This 
value allowed green vegetation for both shrubs and annuals to closely approach 
the carrying capacity of the cell during the growing season, which was from De- 
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cember through May (Beatley, 1974). Following the growing season, most green 
vegetation became senescent and was classified as brown vegetation within the 
model. All communities were assumed to have green cover at the beginning of 
the growing season equal to 25% of the maximum green cover of the previous 
growing season. 

Brown vegetation was included in the model because it was also consumed by 
tortoises, although it is not preferred forage. Brown vegetation was lost from the 
system via decomposition. We estimated decomposition rates for our model as a 
function of soil moisture and surface temperature because the structure and density 
of soil microfauna may be strongly affected by these abiotic components (Zak and 
Freckman, 1991). However, the quantitative relationship between decomposition 
rates and these physical factors has not been described for natural systems. 

10.4.3 Tortoise Population Dynamics Submodel 

This submodel served as the key component of the overall model with inputs 
from other submodels. It was used to determine the potential impacts of varying 
habitat quality and training impacts on the desert tortoise population at Fort 
Irwin. Because the desert tortoise is both an endangered species and an indicator 
species for desert ecological conditions, the information generated in this sub- 
model may be valuable for developing effective management strategies. 

Five cohorts (eggs, hatchlings, juveniles, adults, and elders) formed the basic 
structure of this submodel (Hohman et al., 1980). Factors such as births, deaths, 
recruitment, and dispersal changed the number of tortoises in each of these co- 
horts. Only females were represented in the model because the long-term sex 
ratio remains close to parity as a result of migration (Berry, 1976) and only fe- 
males lay eggs. Furthermore, Luke (1990) and Doak et al. (1994) found that the 
rate of population growth relies largely on the survival of large adult females. A 
female’s ability to store sperm ensures that even occasional contact with males 
will allow them to lay viable eggs. Therefore, the total tortoise population was 
achieved by doubling the total female population. 

We represented the egg cohort in the model as adult and elder tortoises laying 
eggs. The reproductive rate of elder tortoises was assumed to be 70% less than the 
adult tortoise population (Krzysik, personal communication, 1997). In the model, 
eggs were laid after a 3-month gestation, during the months of May through July 
(Luckenbach 1982; Woodbury and Hardy, 1948). We assumed each adult female, 
on average, laid 1.84 clutches/season based on research and observation of tor- 
toises under natural conditions (Ernst and Barbour, 1972; Hohman et al., 1980; 
Luckenbach, 1982). We subdivided the proportion of adult tortoises that repro- 
duced as 100% in May, 80% in June, and 4% in July (Turner et al., 1984). Eggs 
hatched between August and October (Hohman et al., 1980; Luckenbach. 1982). 
The actual number of eggs produced was associated with the physical condition 
of the female. We based a female’s physical condition on vegetative cover and 
water availability. We assumed if vegetative cover was sparse and water avail- 
ability low, fewer eggs would be produced, whereas, good habitat conditions re- 
sulted in more eggs per clutch with a maximum of 14 eggs (Hohman et al., 1980). 
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Luckenbach (1982) found that 50% of a clutch from captive desert tortoises could 
be infertile and that wild tortoises may incur similar losses. Furthermore, Turner 
et al. (1984) found that predation could account for approximately 23% of prena- 
tal mortality in a desert tortoise population. We incorporated these values into our 
model in relation to egg survival and we assumed predation mortality was re- 
duced when better vegetative cover was available. 

In our model, as soon as the eggs hatched, they moved into the hatchling co- 
hort. Hatchling survival depended on when tortoises hibernate or aestivate, as 
well as predation and natural causes, including starvation or dehydration. With 
the exception of eggs, all tortoise cohorts hibernate and aestivate (Medica et al., 
1980). Hibernation occurred during November-February, and we assumed only 
5% of hatchlings would die during hibernation. Aestivation occurred during 
June-July when temperatures approach 39.5°C, at which point tortoises could ex- 
perience severe thermal stress (Luckenbach, 1982; Nagy and Medica, 1986). 
Aestivation did not significantly influence tortoise behavior within our model, be- 
cause the 1 -month time step used the mean monthly temperature, which does not 
reach 39.5°C. We assumed the hatchling mortality to be 32% due to predation 
and 10% due to other natural causes (i.e., starvation or dehydration). Annual 
hatchling survival was 85% under optimal conditions and 58% under suboptimal 
conditions (Luke, 1990). Tortoises remained in the hatchling cohort until their 
shells ossified at about 5 years of age (Luckenbach, f 982). This separation be- 
tween hatchlings and juveniles was used because the hatchlings’ soft shell makes 
them more vulnerable to predation than juveniles (Luckenbach, 1982). 

Juvenile desert tortoises have ossified shells but have not yet reached sexual 
maturity. When not hibernating, we assumed annual juvenile mortality to be 22% 
due to predation, 4.4% due to starvation, and 13.2% due to dehydration, whereas 
on a monthly basis, regardless of the season, 1.7% die due to disease. Annual ju- 
venile survival was 87.1% under optimal conditions and 38.9% under suboptimal 
conditions (Luke, 1990). Juveniles mature into adults at 15-20 years old (Wood- 
bury and Hardy, 1948). We assumed a mean age of 17.5 years for tortoises in the 
juvenile cohort to mature to adults; therefore, juveniles entered the adult cohort at 
22.5 years of age. 

Total adult mortality was estimated at 1-2% per year (Luckenbach, 1982; 
Turner et al., 1984). We assumed adults had survival rates similar to juveniles ex- 
cept that adults had a lower predation rate. All surviving adults older than 62.5 
years moved into the elder cohort. 

The elders cohort was created to distinguish between mature individuals that 
reproduced and older individuals that reproduced at a lower rate. We used the 
same mortality variables (predation, disease, starvation, and dehydration) for 
elder survival as were used for adult survival. In our model, elders survived up to 
10 years with a maximum age of 75 years (Turner et al., 1984). 



10.4.4 Tortoise Dispersal Movements Submodel 

This submodel was used to simulate tortoise movements between adjacent cells 
as well as to calculate changes in juvenile, adult, and elder tortoise densities due 
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to dispersal. Values generated in this submodel were used by the tortoise sub- 
model to adjust tortoise densities within each cell. 

Hibernation, tortoise density, and habitat conditions (vegetative cover and 
availability of green vegetation) were three primary factors that restricted disper- 
sal movements. In the model, tortoises could only move one cell per time step 
(i.e., 1 km/month), and direction of movement was restricted to the four cardinal 
directions (i.e., no diagonal movement). The conditions of the four adjacent cells 
did not lead to emigration from an acceptable cell, but the condition of each adja- 
cent cell, relative to the other three adjacent cells, determined the proportion of 
emigrants that immigrated into that cell. The total number of tortoises immigrat- 
ing into a cell was the sum of immigrants from each of the four adjacent cells. 

Behavioral and habitat conditions, including nest-site selection, seasonal mi- 
gration, poor habitat conditions, and male dispersal that have been documented in 
other turtles, may contribute to dispersal in desert tortoises (Gibbons, 1986). The 
model’s spatial resolution of 1 km 2 limits its ability to describe potential nest sites 
in detail. We incorporated seasonal migration and poor habitat conditions into the 
dispersal submodel and we assumed both conditions affected males and females 
equally. Only females were included in the model so we did not model male dis- 
persal patterns. 

In the model, we assumed tortoises would emigrate from cells that have rela- 
tively low amounts of vegetative cover, low amounts of available green forage, 
and high tortoise densities. Juveniles had higher dispersal rates and were more 
likely to disperse at high population densities. We assumed a tortoise carrying ca- 
pacity of 100 females/km 2 . Dispersal was affected by habitat suitability and den- 
sity, which were combined with elevation and seasonality. Tortoises typically do 
not use habitat above 1067 m, which may be attributed to physiological con- 
straints that prevent tortoises from using high-elevation areas, regardless of the 
availability of food and shelter. During hibernation, migration did not occur. 

10.4.5 Training Impacts Submodel 

This submodel determined the indirect impacts of military training on tortoise 
populations. Based on available literature (Krzysik, 1994), we assumed indirect 
impacts of training (e.g., disturbance of vegetation and compaction of soil) were 
more significant than direct impacts (e.g., crushed by a vehicle); therefore, we 
modeled only indirect impacts. Indirect impacts caused by off-road vehicles have 
detrimental effects in desert environments (Adams et al., 1982; Boarman et al., 
1997; Bury et al., 1997; Jennings, 1997; Webb et al., 1986). Because we did not 
have data indicating the impacts of military training on tortoise habitat, we as- 
sumed military training caused impacts similar to off-road vehicles. 

As a surrogate for a detailed map of training locations, we developed a soil com- 
paction map from elevation data by assuming the most severe soil compaction oc- 
curred at lower elevations (Krzysik, 1994). Indirect impacts of training on tortoises 
were captured on a map as training-level intensities. The soil compaction map we 
generated had values ranging from 4 to 17 kg/cm 2 (Fig. 10.3a). We divided these 
values into three categories, representing different training level intensities (4. 0-9.0 
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Figure 10.3. Soil compaction map (a) used to create training intensity map (b) for Fort 
Irwin, California. No soil compaction or training occurred outside the high and low desig- 
nated areas. 



kg/cm 2 = low training; 10.0-14.0 kg/cm 2 = moderate training; 15.0-17.0 kg/cm 2 
= high training). We associated the training-level intensities with different levels of 
tracked- vehicle-days per month (TVD/month). These values were determined from 
training data based on Krzysik (1994) ( I 475 TVD/month = low training; 
476-1189 TVD/month = moderate training; 1190-1666 TVD/month = high train- 
ing). We created a training intensity map by reclassifying our soil compaction map 
based on these values (Fig. 10.3b). We changed the training intensity both tempo- 
rally and spatially in our model simulations. 



10.5 Results and Discussion 

To test the model’s ability to respond to different land management scenarios, we 
simulated each of 6 different training scenarios 100 times, with each simulation cap- 
turing changes over 250 years. Mean values for a set of 100 simulations were calcu- 
lated to produce final population density and habitat maps. We altered the model for 
each scenario by changing input maps and model parameters. Model algorithms, 
time steps, spatial extent, and resolution were not changed between scenarios. 

We intended this research to identify the suitability of this modeling approach 
to predict trends in tortoise populations due to environmental responses to simu- 
lated changes in training intensity. Relative, rather than absolute, differences 
among scenarios should be compared. 

10.5.1 Scenario 1: Neural Network Baseline 

In Scenario 1, we ran the model with no training after time step 0 to simulate 
changes in vegetation and tortoise population density over 250 years. Essentially, 
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Figure 10.4. Initialization maps for desert tortoise population density (a) and vegetative 
cover (b) used in scenario 1 for Fort Irwin, California. These maps were created using a 
back-propagation neural network analysis by correlating ground truth data with satellite 
imagery (see text for more detail). 



this simulated the recovery of the landscape from previous impacts. We used this 
scenario as a final debugging of the model to ensure that all submodels were 
working as intended. 

For Scenario 1 , initialization maps for tortoise population density and vegeta- 
tion were derived from tortoise transect data (Krzysik, 1994) and LCTA transect 
data (Tazik et ah, 1992), respectively, using a back-propagation neural network 
analysis (Fig. 10.4) (Westervelt et al., 1997; Wu and Westervelt, 1994). Tortoises 
were initially distributed across the landscape at moderate densities, with higher 
concentrations along the southern boundary, whereas more vegetative cover oc- 
curred in the northwest portion of Fort Irwin (Fig. 10.4). These initialization 
maps produced an adequate representation of tortoise population density and veg- 
etative cover at Fort Irwin, which we used to initialize the model (Krzysik, per- 
sonal communication, 1997). 

After running the model 100 times, we calculated the mean number of female 
tortoises over all runs Tortoises were spatially distributed in highly concentrated 
patches across Fort Irwin (Fig. 10.5a). Woodman et ah (1986) found “core” areas 
where tortoise densities were higher than surrounding areas. Furthermore, Wood- 
man et ah (1986) and Krzysik (1994) found a large tortoise concentration near the 
southern boundary of Fort Irwin, which was similar to our tortoise population 
density maps at time 0 and 250 years (Figs. 10.4a and 10.5a). Nicholson et ah 
(1980) found a similar pattern of tortoise densities on the China Lake Naval 
Weapons Center, San Bernardino County, California, with small pockets of high 
tortoise densities. Tortoise populations are naturally clumped across the land- 
scape (Krzysik, 1994). 

Even though tortoises were distributed in patches, their density asymptotically 
increased during the simulation (Fig. 10.5b). This might be expected given no ad- 
ditional training after time step 0, which allowed the landscape to recover from 
previous impacts. Our results showed that tortoises concentrated in areas that had 
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Figure 10.5. Mean spatial distribution of desert tortoises (a), change in mean number of 
desert tortoises (b), mean percent aerial cover of vegetation after running scenario 1 for 
250 years (c), the carrying capacity of vegetation (d), and mean index of habitat suitability 
for desert tortoises after running scenario 1 for 250 years for time 0 (e), and time 250 years 
(f) at Fort Irwin, California. The mean was obtained from 100 simulations of scenario 1. 
Scenario 1 used the back-propagation neural network analysis to derive initialization maps 
for tortoise population density and vegetative cover (see Fig. 10.4). No new training oc- 
curred in the model after time step 0. 
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good vegetative cover. The tortoises may have been moving away from unsuit- 
able habitat instead of toward suitable habitat (Gibbons, 1986). 

The simulated vegetative cover after 250 years differed little visually from the 
carrying-capacity map (Figs. 10.5c and 10. 5d). In the model, vegetation could not 
exceed carrying capacity; therefore, vegetation density fluctuated just below car- 
rying capacity. 

The habitat suitability index developed for tortoises in the model decreased over 
time (Figs. 10. 5e and 10. 5f). Habitat suitability was a function of the percentage of 
green vegetation available to tortoises for consumption and the percentage of total 
vegetative cover. Over time, the increase in tortoise densities caused greater 
amounts of green vegetation to be consumed and decreased the habitat suitability 
index. According to our results, tortoises were using less suitable habitat after 250 
years because little high-suitability habitat remained (Fig. 10. 5f). 

Pulliam (1988, 1996) in his analysis of source-sink population dynamics found 
that suitable habitat (i.e., source) is often unoccupied and unsuitable habitat (i.e., 
sink) contains the majority of individuals in the population. Furthermore, popula- 
tion density can be a deceptive measure of habitat quality (van Horne, 1981, 
1983). Even though this is a simulation, these population dynamics can still apply 
and could speculate on the population structure of the desert tortoise given the 
simulated environmental conditions. 



10.5.2 Scenario 2: New Baseline 

We ran this simulation to establish a new baseline for Scenarios 3-6, which all 
included training impacts. The maps for tortoise density and vegetation cover 
from the end of Scenario 1 (Figs. 10.5a and 10.5c) were used as initialization 
maps for this scenario. Our aim was to simulate a landscape that had recovered 
from training for 250 years. Using the output from Scenario 1, we effectively re- 
moved confounding effects of past training impacts, which allowed us to fairly 
assess the impacts of future training. We assumed we were simulating the best- 
case scenario for tortoise populations. If tortoises are impacted by training by 
starting from a recovered landscape, then, most likely, the impacts will be even 
greater for an impacted landscape. 

In Scenario 1, the tortoise population stabilized (Fig. 10.5b), and throughout 
Scenario 2, that population level was maintained (Fig. 10.6b). Furthermore, the 
spatial distribution of tortoises across Fort Irwin remained relatively constant. 
Tortoise densities within cells changed only in response to environmental sto- 
chasticity (Fig. 10.6a). 

In Scenario 2, the initialization map for vegetation (Fig. 10.5c) was very close 
to carrying capacity and the vegetation changed very little over the next 250 years 
(Fig. 10.6c). Furthermore, the habitat suitability remained relatively constant be- 
tween Scenarios 1 and 2 (Figs. 10. 5f and 10. 6d). The results of this scenario indi- 
cated that a stable point was reached in the model and that the simulated land- 
scape had recovered fully from training. It is interesting to note that even after 
250 years with no training, there are still large areas with low habitat suitability 
(Figs. 10.5f and 10.6d). 
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Figure 10.6. Mean spatial distribution of desert tortoises (a), change in mean number of 
desert tortoises (b), mean percent aerial cover of vegetation (c), and mean index of habitat 
suitability (d) for desert tortoises after running scenario 2 for 250 years at Fort Irwin, Cal- 
ifornia. The mean was obtained from 100 simulations of scenario 2. Scenario 2 used Fig- 
ures 10.5a and 10.5c as initialization maps for tortoise population density and vegetative 
cover, respectively. No new training occurred in the model after time step 0. 



10.5.3 Scenario 3: Training Varied Temporally 

In this scenario, we examined the responses of tortoises and vegetation to sea- 
sonal training activities. During November-February, tortoises hibernate, and 
during March-October, tortoises breed and lay eggs (Luckenbach, 1982). We in- 
corporated these seasonal patterns into the training activities. Although seasonal 
training activities were based on tortoise activities, we did not include direct im- 
pacts of training on tortoises (e.g., crushed in their burrows) in the model. How- 
ever, indirect impacts of seasonal training activities were expected to allow vege- 
tation to recover and result in increased habitat suitability for tortoises. The 
egg-laying and nesting season is a critical time for tortoises and adequate vegeta- 
tive cover maybe especially important (Krzysik, 1994). 

We used the same initialization maps for tortoise density and vegetation that 
we used for Scenario 2 (Figs. 10.5a and 10.5c). Training occurred at each time 
step, but training intensity was moderate (832.5 TVD/month) during Novem- 
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Figure 10.7. Mean spatial distribution of desert tortoises (a), change in mean number of 
desert tortoises (b), mean percent aerial cover of vegetation (c), and mean index of habitat 
suitability (d) for desert tortoises after running scenario 3 for 250 years at Fort Irwin, Cal- 
ifornia. The mean was obtained from 100 simulations of scenario 3. Scenario 3 used Fig- 
ures 10.5a and 10.5c as initialization maps for tortoise population density and vegetative 
cover, respectively. Temporal variation of training occurred during Scenario 3. 



ber-February and low (237.5 TVD/month) during March-October across Fort 
Irwin. 

Our results indicated that the tortoise population asymptotically decreased (Fig. 
10.7b) and became very sparsely distributed in patches across the landscape 
(Fig. 10.7a). The aerial cover of vegetation and habitat suitability also decreased 
(Figs. 10.7c and 10. 7d). The low level of training during March-October allowed 
the vegetation adequate time to recover, which indirectly allowed tortoise popula- 
tions to stabilize. Seasonal training activities caused the tortoise population to de- 
cline initially, but then stabilize after 50 years. 

Because habitat suitability decreased, tortoises were limited to less suitable 
habitat. However, the persistence of these potentially sink tortoise populations 
over time is evident even in less suitable habitat. This indicates dispersal may 
play an important role in the long-term survival of tortoise populations, according 
to our simulations (Pulliam, 1988, 1996). 
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10.5.4 Scenario 4: Training Varied Spatially 

In the previous scenario, training occurred across Fort Irwin. However, training 
likely occurs at different intensities across the installation, with approximately 
64% of the total installation available for military training (Goran et al., 1983). In 
this scenario, we attempted to capture spatial variation in training intensity. Three 
training intensity levels were allowed to occur only in the lower elevations to- 
ward the center of our simulated landscape (Fig. 10.3b). No training occurred on 
the remaining portion of the landscape. The three levels of training intensity were 
low (237.5 TVD/month), moderate (832.5 TVD/month), and high (1428 TVD/ 
month). We used the same initialization maps for tortoise population density and 
vegetative cover that were used for Scenario 2 (Figs. 10.5a and 10.5c). Training 
occurred at each time step and varied spatially based on the training map (Fig. 
10.3b). We did not include temporal variation in this scenario. 

Results indicated that the tortoise population asymptotically decreased, but 
the decline was much less than for the seasonal training activities in the previous 
scenario (Fig. 10.8b). Spatially, tortoises did not occur where training occurred 





Figure 10.8. Mean spatial distribution of desert tortoises (a), change in mean number of 
desert tortoises (b), mean percent aerial cover of vegetation (c), and mean index of habitat 
suitability (d) after running scenario 4 for 250 years at Fort Irwin, California. The mean 
was obtained from 100 simulations of scenario 4. Scenario 4 used Figures 10.5a and 10.5c 
as initialization maps for tortoise population density and vegetative cover, respectively. 
Spatial variation of training occurred during scenario 4. 
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(Fig. 10.8a). Vegetation and habitat suitability also decreased (Figs. 10.8c and 
10. 8d), but not to the same extent as in the previous scenario. Both the vegetation 
and habitat suitability were impacted in areas where training occurred, but ap- 
peared to do well outside of those areas. Areas with suitable tortoise habitat, 
which were restricted from training exercises, supported tortoises for long peri- 
ods of time. Dispersal was probably a key factor in the persistence of these popu- 
lations. These simulations indicate tortoises prefer to avoid training areas and are 
capable of long-term existence if sufficient habitat and vegetation is present. 

10.5.5 Scenario 5: Training Varied Temporally 
and Spatially 

Realistically, military training at Fort Irwin likely occurs at different intensities 
over both time and space. To simulate such variation in intensity, we modified 
Scenario 4 to include only two training intensities (low and moderate) for each 
season identified in Scenario 3 (Fig. 10.9). We used the same initialization maps 
for tortoise population density and vegetative cover that were used for Scenario 2 
(Figs. 10.5a and 10.5c). Thus, training occurred at each time step, but varied 
spatially. 

Our results indicated that the tortoise population decreased, but then stabilized 
(Fig. 10.10b). Spatially the tortoises did not occur where training occurred (Fig. 
10.10a). Woodman et al. (1986) found high tortoise densities near areas with high 
training impacts, but they were mutually exclusive of each other. The aerial cover 
of vegetation and habitat suitability decreased in Scenario 5 similar to previous 
scenarios (Figs. 10.10c and lO.lOd). Results of this scenario were very similar to 
those of Scenario 4, suggesting that the spatial variation in training intensity had 
a stronger influence on tortoise populations than temporal variation. Thus, our 
model predicted that the effects of temporal and spatial variation in training in- 
tensity on tortoise population dynamics were not additive. 




Figure 10.9. Training intensity map for scenario 5 at Fort Irwin, California. Training 
was excluded from outside the high and low designated areas. 
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Figure 10.10. Mean spatial distribution of desert tortoises (a), change in mean number 
of desert tortoises (b), mean percent aerial cover of vegetation (c), and mean index of habi- 
tat suitability (d) for desert tortoises after running scenario 5 for 250 years at Fort Irwin, 
California. The mean was obtained from 100 simulations of scenario 5. Scenario 5 used 
Figures 10.5a and 10.5c as initialization maps for tortoise population density and vegeta- 
tive cover, respectively. Spatial and temporal variation of training occurred during sce- 
nario 5. 



If spatial rather than temporal variation does have a larger impact on tortoise 
populations, then the spatial configuration of suitable habitat patches on the land- 
scape becomes an important factor (Wiens, 1996). Fewer isolated small patches 
would limit dispersal and increase the risk of extinction for each patch, whereas 
several well-connected large patches would increase the persistence time of the 
whole tortoise population at Fort Irwin. Furthermore, the patch context, referring 
to the structure and composition of the landscape surrounding suitable habitat 
patches, can either facilitate or restrict dispersal (Wiens, 1996). Landscapes that 
contain unsuitable or high-risk areas can block or redirect dispersers. Contrast- 
ingly, landscapes with suitable habitat or corridors provide areas where individu- 
als could live and even reproduce. Our simulations suggest that the landscape 
composition and configuration could potentially alter the population structure and 
persistence time of tortoise populations. 
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Table 10.1. Percent difference between the mean desert tortoise population (females 
only ) in year 250 for different pairs of scenarios using the model developed for Fort 
Irwin, California. 
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+ 1 



Note: Scenarios are (1) neural network baseline, (2) new baseline, (3) training varied temporally, (4) 
training varied spatially, and (5) training varied temporally and spatially. 



10.5.6 Comparisons Among Scenarios 1-5 

To compare the results of all scenarios, we determined the percent difference be- 
tween the mean tortoise populations in year 250 for different pairs of scenarios 
(Table 10.1). Our results showed only a 2% difference between the final tortoise 
populations in Scenarios 1 and 2, indicating that a steady state in the model was 
obtained at the end of Scenario 1 and maintained throughout Scenario 2. This 
suggested that the landscape had recovered from past impacts. Comparisons be- 
tween the final tortoise population in Scenario 2 (no training) with Scenarios 3-5 
(with training) indicated that simulated military training impacted tortoise dy- 
namics. However, some training scenarios impacted tortoises less than others. 

Our simulations indicated temporal variation in training intensity might 
have been even greater on tortoises if direct effects had been incorporated into 
the model (Jennings, 1997; von Seckendorff Hoff and Marlow, 1997). During 
March-October, when tortoises are more active, the effects of direct impacts 
would have been added to the indirect impacts, thereby increasing the overall 
impacts. 

Spatial variation of training resulted in lower impacts on the tortoise popula- 
tion than did most other scenarios. Scenario 5 represents the most realistic train- 
ing scenario because it incorporates both timing and location of training. Results 
of this scenario indicated that impacts on tortoises may be minimized by altering 
the timing, location, and intensity of training. Additional data on patterns and 
timing of training are needed for future modeling efforts. 

10.5.7 Scenario 6: Potential Tortoise Reintroduction 

In this scenario, we used the model to determine if areas on Fort Irwin might 
serve as potential reintroduction sites for tortoises. In all previous scenarios, tor- 
toises occurred in certain areas on Fort Irwin, but not others (Figs. 10.5a, 10.6a, 
10.7a, 10.8a, and 10.10a). This pattern held throughout all our simulations, per- 
haps because of limited movement away from a tortoise’s initial location into 
suitable habitat or less suitable habitat was capable of maintaining tortoise popu- 
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Figure 10.11. Mean spatial distribution of desert tortoises (a), change in mean number 
of desert tortoises (b), mean percent aerial cover of vegetation (c), and the mean index of 
habitat suitability (d) after running scenario 6 for 250 years at Fort Irwin, California. The 
mean was obtained from 100 simulations of scenario 6. Scenario 6 used Fig. 10.5c as the 
initialization map for vegetative cover. Each cell across the landscape was initialized with 
the maximum number of tortoises (415 females/km 2 ) that occurred in scenario 1 at time 
250 years. No new training occurred in the model after time step 0. 



lations for many years. We wanted to determine if there were additional areas on 
the simulated landscape that were suitable for tortoises but remained unoccupied 
in previous scenarios. 

We used the initialization map for vegetation from time 250 years of Scenario 1 
(Fig. 10.5c). Each cell across the Fort Irwin landscape was initialized with the maxi- 
mum number of tortoises that occurred in Scenario 1 at 250 years (415 female tor- 
toises/km 2 ). This is an artificially high number of tortoises on Fort Irwin, but we 
wanted to see where on the landscape tortoises would occur after running the sce- 
nario for 250 years. We ran this simulation with no new training after time 0, allow- 
ing tortoises to move around on the landscape without any impacts from training. 

Our results (Fig. 10.1 lb) indicated a dramatic drop in the tortoise population in 
the first 25 years. Because no impacts were incorporated into this scenario, the 
drop was attributed to the model parameters readjusting because carrying capac- 
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ity was exceeded. After the initial drop, the population stabilized at a higher level 
than in previous scenarios. Comparison of these results (Fig. 10.1 la) with results 
of Scenario 2 (Fig. 10.6a) indicated areas in which tortoises could be supported, 
but do not occur in other scenarios. Thus, errors in the initialization map for tor- 
toise population density, which was used to initialize the other scenarios, may 
have influenced our results. Furthermore, these results may suggest that dispersal 
plays a major role in maintaining populations. Lack of connectivity and isolation 
of populations may have resulted in the spatial arrangement of tortoises in our 
other simulations. The vegetation and habitat suitability index results (Figs. 
10.11c and 10.1 Id) were very similar to results of Scenario 2 (Figs. 10.6c and 
10. 6d). This was expected because there was no new training after time 0. 

Even though our model indicated potential reintroduction sites at Fort Irwin, 
additional criteria need to be considered prior to pursuing a tortoise reintroduc- 
tion. Berry (1986) suggested that relocation sites should be at least 14 km in di- 
ameter to permit dispersal, and introduction sites should be in areas where tor- 
toises were recently extirpated to ensure suitable habitat exists. Further research 
is needed to determine if the areas indicated in our model meet these criteria. 



10.6 Conclusions 

We developed a DLS model to evaluate potential effects of military training on 
desert tortoises and their habitat at Fort Irwin, California. Because tortoises are 
vulnerable to impacts on their environment, it is valuable to have a model that can 
gauge the effects of impacts on their population density and habitat. Our primary 
goal was to demonstrate the feasibility of using spatially explicit simulation mod- 
eling to help military installation land managers experiment with alternative man- 
agement decisions. 

We believe DLS models are applicable to the management of threatened and en- 
dangered species. Often, a species’ decline is linked to habitat loss and fragmenta- 
tion over its entire range. DLS models developed at the landscape level can provide 
new management techniques for threatened and endangered species conservation. 
Our modeling approach of developing a single-cell model, initializing it with GIS 
maps, and then running the model to simulate changes across the landscape proved 
successful for desert tortoises at Fort Irwin. We believe this approach can be used to 
develop future, realistic models for other species and landscapes. 

Although models can aid in the synthesis of many parts into a whole, modeling 
cannot be substituted for field experimentation (Conroy et al. 1995; Salwasser 
1986). Future model development should include obtaining more accurate tor- 
toise dispersal and military training data. A sensitivity analysis would shed light 
on how sensitive the model is to all model parameters, specifically tortoise dis- 
persal, military training, and the rate of vegetation recovery after incurring im- 
pacts. This would be critical to carry out before applying any of our simulations 
to land management. 

Our simulations suggest that both temporal and spatial variations in training do 
impact tortoise populations. However, the long-term persistence of tortoise popu- 
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lations could be improved by understanding the dynamics between tortoise popu- 
lations and military training activities. Additional simulation scenarios should be 
conducted to determine if there are optimal spatial and temporal patterns for dif- 
ferent levels of military training, which will minimize impacts on tortoises and 
vegetation. 

Land managers must not expect models to make decisions for them or to pro- 
vide them with a perfect version of a real-world system (Chalk, 1986). For mod- 
eling technology to reach its full potential in threatened and endangered species 
management, researchers and managers must work together. This will aid re- 
searchers in understanding the needs of managers and will provide managers with 
a sense of ownership in the models they use (Chalk, 1986). 
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Fox Rabies in Illinois 

Brian Deal, Cheryl Farello, Mary Lancaster, Thomas Kompare, 
and Bruce Hannon 



11.1 Introduction 

Spatially explicit modeling of complex environmental problems is essential for 
developing realistic descriptions of past behavior and the possible impacts of al- 
ternative management policies (Costanza et al., 1990; Risser and Karr, 1984; 
Sklar and Costanza, 1991). Past ecosystem scaled model development has been 
limited by the conceptual complexity of formulating, building, and calibrating in- 
tricate models. This has lead to a general recognition of the need for collaborative 
modeling projects (Acock and Reynolds, 1990; Goodall, 1974). A graphically 
based, spatial modeling environment (SME) has been developed at the University 
of Maryland to address the conceptual complexity and collaborative barriers to 
spatio-temporal ecosystem model development (SME, 1999). The modeling en- 
vironment links icon-based graphical modeling environments (e.g., STELLA) 
with parallel supercomputers and a generic object database (Costanza and 
Maxwell, 1991; Maxwell and Costanza, 1994, 1995; SME, 1999). It allows users 
to create and share modular, reusable model components and to utilize advanced 
parallel computer architectures without having to invest unnecessary time in 
computer programming or learning new systems (SME, 1999). 

The application of this system of collaborative spatial modeling was first made 
to the Atchafalya Estuary in Louisiana in the early 1990s. The initial modeling 
process began with the division of the estuary waterscape into square kilometer 
cells. Dynamic models of the waterway were then constructed in each of the cells. 
The two-dimensional models were then compiled and integrated by the Spatial 
Modeling Environment (SME). The required spatial data varied with each loca- 
tion and was supplied by digital maps from a standard geographic information 
system (GIS). The completed model was used to predict the water depths of the 
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estuary by determining the number and density of existing plant species distribu- 
tion. Aerial photographs were used to calibrate and verify the accuracy of the 
model (similar models are being used at the South Florida Water District). 

More recent applications of the technique have been developed at the Geo- 
graphical Modeling Systems Laboratory at the University of Illinois. The large 
and relatively undisturbed landscape of Army training grounds* were the focus 
of efforts to determine the impact of both civilian and military activities on in- 
digenous endangered species. Three such studies are worth noting here (www 
.blizzard.gis.uiuc.edu). 

The first of these addressed the plight of the endangered sage grouse in the 
semidesert landscape of the Yakima Training Center near Yakima, Washington. 
The impact of vehicular training on the long-term population levels of the grouse 
was modeled. Ten-meter- square cells were used, each cell containing an elabo- 
rate model of sage grouse behavioral patterns as developed by an interdiscipli- 
nary team of researchers. The model run covered a multiple-year period and sea- 
sonal variations in the model were noteworthy Conclusions that the vehicular 
training tended to compress the vegetative foodstocks and frighten nesting birds 
were made along with the realization that slight timing adjustments in the training 
schedule could be shown to leave the grouse population virtually unaffected 
(Westervelt et al., 1995). 

The second model was developed in response to noted population declines of 
the desert tortoise ( Gopherus agassizii), a herbivorous reptile inhabiting the Fort 
Irwin training grounds in the Mojave Desert of California. The model was pre- 
pared using the collaborative spatial modeling techniques. More than 3 thousand 
interacting 1-km 2 cells, each with an interconnected dynamic model (using 
monthly computational time steps) and a series of 20 digital raster-based maps, 
were used to help describe desert tortoise behavior across the desert landscape. 
Results of the model show that the natural population levels of the tortoise was 
substantially higher than the current population levels found. Civilian access to 
the grounds and static structures such as powerlines and telephone poles also had 
surprising impacts. The poles provided unnatural perches for predatory birds 
(Westervelt et al., 1997). 

The third and most extensive model was designed to assess the land manage- 
ment impacts on two endangered warbler species that migrate from Mexico to the 
training grounds at Fort Hood, Texas. Vegetation type and age and the presence of 
fire and of parasitic birds played major roles in the population dynamics. This 
model was made Web-accessible to landscape management officials at Fort Hood, 
and their plans for vegetative conservation and possible fire control strategies to 
protect the warbler populations are aided by the model (Trame et al., 1997). 

The collaborative spatial modeling approach is currently being used for the de- 
velopment of a spatially derived watershed model and in the development of an 



*Military training landscapes are managed differently from contiguous and surrounding 
lands. Whereas neighboring lands are often highly managed for agriculture or human habi- 
tation, the training land is likely to have been maintained in a more natural state. 
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urban growth model. These models are being developed to enable land use plan- 
ners to project and comprehend the complex interactions of ecological and so- 
cially scaled ecosystems. These two models broaden the scope of spatial model- 
ing to include the human dynamic. The hope is that this type of model will 
provide a more realistic and visual basis for deciding when technological, ecolog- 
ical, or sociological responses are most appropriate. 

In this chapter, the collaborative spatial modeling approach is applied to the 
problem of the spread of infectious disease. The dynamic spread of fox rabies 
across the state of Illinois is modeled to determine the spatial patterns of the 
spread of the disease and to evaluate possible disease control strategies. The prac- 
tical concern is that the disease will spread from foxes to humans through the pet 
population.* Following a more detailed description of the collaborative spatial 
modeling technique, the fox rabies case-study model will be described. Previous 
models of fox rabies transmission will introduce the pathogenesis of the rabies 
disease and the biological characteristics of the fox modeled. A description of the 
dynamic behavioral model follows with assumptions, spatial characteristics, and 
the georeferencing approach taken described in a section on model design. The 
spatially explicit results and implications of the fox rabies model conclude our 
discussion. 

11.2 The Spatial Modeling Environment 

Structuring large-scale models into smaller distinct modules is a well-recognized 
method for reducing modeling complexity (Acock and Reynolds, 1990). Ecosys- 
tem models with a modular hierarchical structure should be closer to natural 
ecosystem structure than procedural models (Goodall, 1974; Silvert, 1993), 
because the component populations of ecosystems are themselves complex hierar- 
chical systems with their own internal dynamics (SME, 1999). The Spatial Model- 
ing Environment (SME) is a hierarchically based modular modeling environment 
that facilitates collaborative model construction, because teams of specialists can 
work independently on different modules of large-scaled models with minimal 
risk of interference. The developed modules can also be archived into libraries and 
serve as a set of templates to speed future model development (SME, 1999). 

The SME is designed to support a range of platforms, both in the front-end 
model development module and in the back-end parallel computing module; this 
helps to maximize accessibility and collaboration. The main components of the 
SME have been described as View, ModelBase, and Driver architecture in Chap- 
ter 2 (Fig. 2.1). 

The View component of the SME is used to graphically construct dynamic, 
front-end modules. Although the SME can utilize a number of graphic modeling 



*Although the chance of this transmission is quite small [only 24 deaths in the United 
States from 1980 to 1995 (Beneson, 1995)], the level of concern following just one case 
can trigger an expensive and lasting control program. 
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tools such as STELLA, EXTEND, SimuLab, or VenSim, we will focus our dis- 
cussion on STELLA, the environment chosen for our fox rabies case-study 
model. 

STELLA is a graphically based dynamic simulation software based on Lor- 
rester’s systems dynamics language (Lorrester, 1961). It is one of an expanding 
number of dynamic computer modeling languages that uses icons and symbols to 
communicate a model’s structure. STELLA was the first and has a good mix of 
simplicity in manipulating model components and power of model expression. 
Icons include reservoirs representing stocks of resources and “pipes” and 
“valves” representing flows and controls between those reservoirs, each with an 
associated user-defined equation (Hannon and Ruth, 1997). When the STELLA 
model definitions are complete, the “sub”-model can be run. Variables of interest 
can be scaled and plotted in various formats to help visualize model behavior. 
Using iconographic modeling techniques greatly increase the ease with which the 
model can be changed and calibrated. The effects of changes made can be viewed 
immediately, allowing the user to concentrate on modeling instead of computa- 
tional details and greatly reducing model development time (Ruth and Hannon, 
1997; SME, 1999). 

The importance of the simplicity of iconography cannot be overstressed. Large 
and complex ecosystem models are simply too complicated for the single- 
modeler approach. It is extremely difficult for a single modeler to fully under- 
stand each dynamic interaction required in complex ecosystem models. Also, if a 
set of contextual experts are forced to interact with a single modeler, they tend not 
believe that their applicable expertise has been adequately captured by the 
process and the model results are discounted. STELLA’S iconographic modeling 
system enables a modular modeling approach, where a team of experts works si- 
multaneously on a single study problem. This “knowledge capturing” relies on an 
easy-to-understand modeling iconography. With STELLA as the basis of the 
“view” modeling component, a team-oriented effort is possible, in which each ex- 
pert participant can see that their knowledge has been appropriately captured and 
embedded in the final spatially explicit model. In fact, experts involved in these 
processes have sometimes gained insights into their own area of interest, and con- 
sensus among experts has been easily and publicly achievable. 

When the STELLA modules are complete, the Module Constructor translates 
the component modules into a text-based Modular Modeling Language (MML). 
The MML modules can then be archived in the ModelBase to be accessed by 
other researchers, or used immediately to construct a working spatial simulation 
(SME, 1999). 

The driver is a distributed object-oriented environment that incorporates the set 
of code modules that perform the spatial simulation. The code generator produces 
a set of code modules which are transferred to the target platform, compiled, and 
linked with the local driver modules to produce a working spatial simulation. The 
code generators also produce a set of simulation resource files that are used for 
run-time configuration of model parameters, input, output, and other simulation 
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parameters. The driver then handles the input-output of parameter, database, and 
GIS files and execution of the simulation (SME, 1999). 



11.3 An Application of Collaborative Spatial Modeling 

The collaborative modeling approach incorporating the SME was applied to the 
development of a spatially explicit simulation of the spread of the fox rabies dis- 
ease in the state of the Illinois. A team of interdisciplinary researchers was as- 
sembled to tackle the problem. Programmatic areas of concern represented in- 
clude University of Illinois Departments of Geography, Veterinary Bio-Sciences 
and Natural Resources, the Illinois Natural History Survey, and U.S. Army Con- 
struction Engineering Research Laboratory. The main modeling effort took place 
over a course of 6 months at the University of Illinois and the results of the mod- 
eling effort are described in the follow subsections. 

11.3.1 Fox Rabies in Illinois 

The epidemiology of fox rabies is intimately linked with fox behavior. Foxes pro- 
duce their young in the spring and juveniles migrate each fall and early winter; 
adults will also migrate out of their home range if their population density is suf- 
ficiently high. This migratory behavior becomes the vehicle for widespread trans- 
mission of disease because the behavior of the infectious animal becomes erratic 
and combative and the disease is then spread during contact with healthy foxes 
through biting. The incubation period for fox rabies varies from 14 to 90 days, 
ending in clinical illness. An animal may be infectious for up to a week before the 
onset of symptoms and remains infectious until death (Benenson, 1995). Model 
parameters such as the effective biting rate and the actual length of the infected 
and infectious periods are difficult to determine in the field. We have used the 
best available data and determined an effective biting coefficient by trial-and- 
error comparisons of fox densities gained from the literature. 

A complete model of the fox and fox behavior might include a set of sex- 
differentiated age cohorts. However, we found that the history of the disease and 
of fox behavior could be adequately represented by a simple four-stock model of 
both healthy and sick juveniles and adults. The model includes both deterministic 
and stochastic components and can be adapted to any disease that possesses spa- 
tial dynamics by simply adjusting the input data. The results of our epidemic 
model indicate that the incidence of fox rabies can be decreased with an interven- 
tion strategy such as hunting. However, the results also indicate that the current 
fox hunting pressures, coupled with the introduction of the rabies disease, would 
lead to long-term elimination of the fox in Illinois. Our results suggest that a re- 
duced hunting pressure can leave a sustainable fox population in spite of the oc- 
casional introduction of the disease from surrounding areas. The disease can also 
be controlled by aerial deposition of baited vaccines over a large area. The model 
indicates the spatial dynamics of diseased foxes and thus allows the most judi- 
cious and least expensive aerial deployment of the vaccine. 




280 Brian Deal, et al. 



11.3.2 Previous Models 

Dynamic models of rabies in wildlife populations have been proposed by others 
(Bacon, 1985a, 1985b; David et al., 1982; Gardner et al., 1990; Murray et al., 
1986; White et al., 1995). These models have focused on the spatial spread of dis- 
ease and potential impact of various control measures. However, the addition of a 
spatial component to the disease dynamic is, in our opinion, a critical component. 
Spatial components can more easily explain variation in the rate of disease spread 
through a population (Bacon and MacDonald, 1980b) as well as provide a more 
holistic view of the dynamic interaction of animal, disease, and landscape. Be- 
cause wildlife populations are not indolent and are typically in a perpetual state of 
flux, contact rates between diseased and healthy animals depend to some extent 
on spatially derived information. David et al. (1982) proposed a simple model of 
vulpine rabies, which included much of the same biological components we uti- 
lize in our model: reproduction, dispersal, and spatial distribution. The spatial 
component of the David et al. model is not linked to habitat resources, however, 
and the display mechanisms of the SME offer a much more explicit depiction of 
possible scenarios. 

The majority of existing fox rabies models describe population samples. 
Vulpine rabies poses a serious problem in Europe due to increasingly large fox 
populations and its zoonotic potential, increasing the probability of human con- 
tact in heavily populated areas (Steck and Wandeler, 1980). Fox densities in Bris- 
tol, England, for example, range from 1.82 to 3.64 foxes/km 2 over a home range 
size of 0.45 km 2 (Trewhella et al., 1988), compared with much lower densities in 
the United States — 0.15 foxes/km 2 over a larger home range size of 9.6 km 2 
(Storm et al., 1976). In the United States, rabies in the red fox ( Vulpes vulpes ) has 
reached epidemic levels in western Alaska and northern New York. 

Previous linear models using data collected from European fox populations 
show a dramatic decrease in the number of foxes when rabies is introduced into a 
healthy population. These decreases reduce the population below an apparent dis- 
ease threshold and the disease is shown to die out (Bacon and MacDonald 1980b; 
Gardner et al., 1990; Murray, 1987; Murray et al., 1986; White et al., 1995). These 
models typically demonstrate an inversely proportional relationship between in- 
fected and healthy foxes when rabies is first introduced into the population. As the 
disease becomes established, the number of infectious foxes increases as the sus- 
ceptible fox population decreases (Gardner et al., 1990; Murray, 1987; Murray et 
al., 1986). Murray (1987) describes these density decreases as “breaks,” where the 
population becomes too low for the disease to persist in the environment. Gardner 
et al. (1990) concluded that the disease could be eradicated from a fox population 
when fox numbers are reduced to a critical level below the carrying capacity. 
However, most rabid epizootics do not drive fox populations to extinction. 

Several models demonstrated that both healthy and infected fox populations 
stabilized over a period of 20-30 years (Anderson et al., 1981; Garnerin et al., 
1986). At this time, healthy populations reached levels that were half of the total 
carrying capacity and infected foxes were reduced below 10% of the total popu- 
lation (Anderson et al., 1981; Murray, 1987). Other models have concluded that 




11. Model of Spatial Spread of an Infectious Disease 281 



rabies, a cyclical virus, can reemerge between 3.9 and 5 years after a period of 
quiescence (Gardner et al., 1990; Murray, et al., 1986). 

We concluded that vulpine rabies can be viewed as a cyclical, nonlinear dis- 
ease. When a susceptible population becomes infected, it decreases the healthy 
population but does not eliminate it. When the population rebuilds to a critical 
mass, the disease is then able to reestablish itself and the cycle begins again. In 
this way, vulpine rabies is an epidemiological disease. This concept is important 
for the development of a spatial model that describes the spread of the disease 
over a landscape and for the evaluation of possible control measures. 

11.3.3 The Rabies Virus 

Canine rabies transmitted to humans has been reduced in the United States, al- 
though it is still a factor in over 75,000 human cases worldwide and is still con- 
sidered a human health issue (Fenner et al., 1993; Rupprecht et al., 1995). The 
disease, like many communicable diseases, appears to occur in cyclical waves. Its 
spread can best be understood through a comprehensive study of the behavior of 
its mammalian hosts and the pathogenesis of the virus (Kaplan et al., 1986). Typ- 
ical host populations are heterogeneous in nature and field studies are difficult. 
There appears to be a hierarchy of susceptibility to rabies, with foxes, wolves, and 
coyotes being the most susceptible (Fields et al., 1990; MacDonald, 1980). The 
fox adds to this complexity with shy and elusive behavior (MacDonald, 1980). 
Although foxes do not typically interact with humans as frequently as other 
medium-sized mammals, they do come in contact with feral felines and canines. 
This contact increases the risk of stray cats and dogs contracting the rabies virus 
and that risk places humans and domestic pets at risk. 

The primary mode of rabies transmission is through the bite of an infected ani- 
mal. To a lesser extent, scratching and licking can also transmit the disease. The 
virus replicates at the site of entry, and once it reaches a sufficient titer, the virus 
travels via the neural pathways to the brain (Scherba, 1998). The virus titer is de- 
fined as the smallest amount of virus per unit volume capable of producing infec- 
tion (Fields et al., 1990; Scherba, 1998; West, 1973). The virus then travels from 
the central nervous system via peripheral nerves to the salivary glands, where it 
continues to multiply. Shedding of the virus in the saliva may occur before the ap- 
pearance of clinical signs (West, 1973). The incubation period, the time from in- 
oculation to the appearance of clinical signs, can vary depending on the site of 
entry and its proximity to the central nervous system as well as the amount of virus 
entering the wound site (Fields et al., 1990). Early clinical signs may be subtle and 
depend on where the virus is most concentrated in the central nervous system. 
There are two clinical forms of rabies. The furious form affects the limbic system 
and, thus, the animal’s behavior (West, 1973). The dumb or paralytic form causes 
depression and lack of coordination (MacDonald, 1980). Once clinical signs of ra- 
bies develop, death usually occurs in 7-10 days (Bacon and MacDonald 1980a). 

After the onset of clinical disease, foxes exhibit overt behavioral changes such 
as restlessness, pacing, and loss of appetite, followed by either aggression or con- 
fusion, depending on the clinical form of the virus. The furious form of rabies 
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will result in aggressive behavior, which encourages transmission of the disease. 
A fox with the paralytic form of rabies will become lethargic and confused and 
may only bite if provoked or approached by others. The final stages of either form 
of the disease are seizures and coma, followed by death. Normal foxes may “shy 
away” from rabid foxes, thereby reducing their risk of infection (Baer, 1975). 

11.3.4 Fox Biology 

The red fox ( Vulpes vulpes ) is distributed throughout much of North America. 
Within the United States, the red fox has extended its range into forested areas, 
where wolves and coyotes have been reduced or eliminated and where forests 
have been cleared (Scott, 1955; Storm et al., 1976). 

Variations in fox population densities are closely linked to their social organi- 
zation, which is in turn, linked to the type of food supply being exploited and to 
the threat of predation (MacDonald, 1980). According to research conducted at 
the Illinois Natural History Survey and a study of foxes in the North Central 
United States that includes data for parts of Illinois (Storm et al., 1976), fox num- 
bers have dramatically decreased in Illinois since the 1970s (Hubert, 1998). This 
population decline may be connected to an increase in predator populations (e.g., 
coyotes) and a reduction in available habitat coupled with interspecies competi- 
tion and hunting pressure (Hubert, 1998). Archery deer hunter surveys indicated 
a steady decline in fox populations between 1991 and 1996. Hunters in 1991 ob- 
served 10-12 foxes per 1000 observation-hours, whereas an average of 5 foxes 
per 1000 h was observed in 1996 (Hubert, 1998). 

The basic social unit of the red fox is typically a group of three or four breeding 
adults and their juvenile offspring (Doncaster and MacDonald, 1997). In cases 
where a territory includes several adults, there is normally one male and a variable 
number of closely related vixens (MacDonald, 1980). The average litter size is six 
pups, and four pups generally survive until the time of dispersal (Storm et al, 1976). 

Foxes are solitary, nocturnal foragers that exploit available food supply within 
a fairly well-defined home range. Members of a group tend to follow each other 
from one resource patch to another and will eventually end up very close to the 
original point of departure toward the end of each night (Doncaster and MacDon- 
ald, 1997). The vixens have individual ranges that overlap with each other and are 
encompassed by the home range of the male fox, which essentially defines the 
territory of the group. luveniles will exploit a limited number of resource patches 
close to their dens and within the home range of their parents, gradually expand- 
ing their ranges and separating themselves through the late summer until the time 
of dispersal (Storm et al., 1976). Group ranges inevitably overlap to some degree, 
as an individual fox will normally cover less than half of its range in one night 
(Doncaster and MacDonald, 1997). Encounters between foxes of different social 
groups in these overlapping areas will undoubtedly result in territorial conflicts 
when they occur at resource nodes. 

Foxes that disperse from their home territories will normally travel in a rela- 
tively straight line until they find another territory that is available for occupancy. 
If they are unable to find another territory within the dispersal season, they become 
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transients, forced to move continually. Hunting is the primary source of fox mor- 
tality, accounting for approximately 80% of deaths (Storm et al., 1976). Hunting 
pressure is the primary mechanism for producing available territory during disper- 
sal and permitting the majority of young foxes to establish a home range. Hunting 
season in the state of Illinois lasts from November 10 through the end of January. 

Foxes appear to be very susceptible to the rabies virus (MacDonald, 1980). A 
dose of less than 10 mouse intracerebral lethal dose-50 (MICLD50) killed 40% of 
foxes and 80-100 MICLD50 killed all study animals injected (Parker and 
Wilsnack, 1966). Foxes bitten by other animals, such as skunks, frequently fail to 
become infectious, as they develop neurological symptoms and die before the 
virus ever reaches the salivary glands. Foxes also produce a low enough level of 
virus in their saliva that they are limited in the species in which they are capable 
of causing infection. Sikes found only 2 of 24 study animals had saliva virus lev- 
els greater than 1000 MICLD50 (Sikes, 1962). The virus multiplies in the sali- 
vary glands and higher levels of virus are usually present in the salivary gland 
than in the brain (Parker and Wilsnack, 1966). 

Rabid foxes typically remain in their territories, but they do spend time resting 
at the peripheries, where they are more likely to come in contact with foxes from 
neighboring groups. Fox contact behavior however remains the most important 
unknown parameter in the spread of fox rabies (White and Harris, 1994). Foxes 
exhibit different social behaviors, which may be density dependent. At lower 
densities, animals may be solitary or live in pairs. At higher densities, loose fam- 
ily groups occur and are generally comprised of one male, several females, and 
their offspring. Data from Sheldon (1950) indicate that females determine the 
home range of a family group and that males are residents for only part of the 
year. Evidence of communal denning was also found and it appears that foxes are 
gregarious during denning season (Sheldon, 1950). 

11.3.5 Model Design 

The View, ModelBase, Driver approach within the SME (see Fig. 2.1 of Chapter 
2) was utilized to develop our spatially explicit model of the spread of fox rabies 
in Illinois. The model includes variables relating to population densities, home 
ranges, contact rates, and incubation periods, reproduction, dispersal, and spatial 
distribution, along with natural and unnatural mortality rates, each of which can 
greatly affect the spread of disease. 

As noted previously, the View component of the SME utilized was STELLA, 
developed by High Performance Systems Inc. The ModelBase was derived in the 
SME as described earlier and the Driver used was the Geographic Resources 
Analysis Support System (GRASS), a GIS environment developed at the U.S. 
Army Construction Engineering Research Laboratory (GRASS, 1993). A simpli- 
fied flowchart of the spatial modeling procedure used in the development of the 
fox rabies model can be seen in Figure ILL 

In this grid-based approach, each 6-mile square cell defined by the GIS maps 
used is considered a typical fox home range. Each grid cell contains a highly non- 
linear STELLA model that simulates the dynamic interaction and movement of 
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GRASS 

Figure 11.1. The collaborative spatial modeling process used for the Illinois fox rabies. 



foxes in 1 -month increments. The cellular model includes variables describing the 
propensity for fox immigration and emigration (based on fox population density) 
between adjacent cells. Each cellular model is automatically parameterized using 
the GIS maps for the area of concern. The GIS maps in our case referenced land 
use conditions in Illinois that were used to develop fox carrying capacities in of 
each 1610 cells that describe the state. Georeferenced maps were also used for the 
initial introduction of three diseased foxes along the state’s eastern boundary (the 
disease appears to be spreading from east to west in the United States). The model 
collection is then run on a workstation computer for a model runtime of 25 years. 

11.3.6 Cellular Model 

Figure 11.2 describes the iconographic STELLA model of fox population dy- 
namics. The four main variables measured (adult foxes, juvenile foxes, adult sick 
foxes, and juvenile sick foxes) are represented as Stock variables. The Flow vari- 
ables regulate the additions and subtractions to the stocks that take place at each 
time step (in this model, 1 month), and the Rate variables help to determine the 
amount of flow and changes in the Flow variables. For the population dynamics 
model, flows and rates include births of juvenile foxes, a death rate for each stock, 
emigration (out of) and immigration (into) each stock from adjoining cells, and a 
maturation of juvenile foxes into adulthood. A more detailed explanation of the 
model follows. 
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Figure 11.2. The individual-cell STELLA model diagram for fox population dynamics. 
Stocks ( | ) or State variables represent the current status of the system and are measur- 

able and (in this case) conserved variables. Flows ( ° ^ 60 ) or Control variables repre- 
sent the action or change in a State variable. Rates ( O ) or Transforming variables help 

^ BIRTHRATE ^ 1 

to control the flow of information to the state variable by changing or regulating flow. 



Birth Rate 

Separate stocks of adult males and females and juvenile were established. This 
enabled the inclusion of juvenile dispersal behaviors in the fall. Young are born in 
the spring (March, month 3). Litter sizes are randomly generated from a Normal 
distribution of six kits per vixen as the mean (Storm, et al. 1976) and ±0.5 as the 
standard deviation. Not all females reproduce, for reasons of simple infertility 
and the hierarchical dominance of other vixens. For Illinois fox populations, we 
used a 95% vixen reproduction rate (Fig. 1 1.2) based on Storm’s model analysis 
(Storm et al., 1976). 

Maturation Rate 

Juveniles mature to adulthood in January (month 1) (Fig. 1 1.2). All juveniles who 
survive the first year become adults regardless of true chronological age. Juvenile 
animals disperse in the fall (months 9, 10, and 11). As these animals are seeking 
uninhabited territories, they are more likely to experience mortality from automo- 
biles and to encounter other foxes in territorial disputes. The model begins at t = 
1 (month, January); therefore, the initial population of juveniles is 0. 

The model allows for the stocks to contain fractional foxes. Such a feature lets 
us represent the random circulation of the occasional healthy and sick foxes and 
the random entry of a healthy fox into the state from Indiana. The state’s eastern 
boundary is a river which inhibits fox crossings. These random circulations of 
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both healthy and sick animals affect the course of the epidemic slightly, allowing 
the population to recover from decimation due to the disease. 

Infection Rate 

Infected adult and juvenile populations are developed from contact with other 
sick animals (Fig. 11.2). Bacon and MacDonald reported that contact rates 
greatly influence the spread of rabies. They concluded that a contact rate of 2.9 
rendered the fox population extinct. A contact rate greater than 1 is necessary for 
the disease to persist in the environment (Bacon and Mac Donald, 1980a). In our 
model, three infected foxes migrating into Illinois from the eastern border at three 
different locations are used to initially infect the state’s currently healthy popula- 
tion. These rabid foxes are introduced into the model at the sick adult stock 
(ADULT SICK) and their entry location is determined from a map (MAP IN- 
FECTED). In the absence of specific data for rabies contact rates, inferences were 
made based on the history of fox biology and the behavior of the rabies virus. Re- 
peated runs of the model revealed an appropriate range for the biting coefficient, 
the number to be assumed constant in converting healthy to sick animals. Foxes 
infected with the rabies virus are contagious for only a short period of time, typi- 
cally 10-15 days. The rate of infection is dependent on the rate of encounters with 
other rabid foxes. The equation that determines the rate at which adult foxes be- 
come infected is based on the law of mass action and can be characterized as 

ADULT GET SICK = (ADULT * ADULT_SICK * ADULT_BITE_C) + 

( JUV_SICK * ADULT * ADULT_BITE_C). 

The law of mass action is used to describe the average behavior of a system 
that consists of many interacting parts. This concept was first derived for use with 
complex chemical systems but has been found to be a reliable way of capturing 
the spread of disease in epidemiological and ecological models (Hannon and 
Ruth, 1997). The bite coefficient (ADULT or JUV BITE C) used in this model is 
very low (0.015). This reflects the fact that not all encounters between infected 
and noninfected foxes will result in biting. The proportion of biting encounters 
used is the same for adults and juveniles. 

Mortality Rate 

Fox mortality (Fig. 1 1.3) consists of natural death rates, death rates due to hunt- 
ing pressure, and death rates that are caused by population pressures [density- 
dependent death rates (DDDs)]. Death rates are derived from the work of Storm 
et al. (1976). Storm et al. used tagging and electronic tracking devices to monitor 
the movement of foxes in Illinois on a monthly basis. 

The compilation of these data and the description of the causes of mortality in 
the tagged foxes are used to develop the natural and hunting pressure death rates. 
Storm et al.’s report of an overall 81% annual mortality rate (“Full Hunt”) is built 
into the model. Natural deaths were reported to account for 51% mortality rate 
over the course of the year and are noted be caused by roadkill, disease, and star- 
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Figure 11.3. The individual-cell model diagram for density-dependent mortality rates. 



vation (Storm et al., 1976). Our model allows the natural death rate to reduce the 
population and then the hunting death rate is applied to the remaining population. 
Use of a “switch” allows hunting mortality to be turned on or off, making it pos- 
sible to examine the effects of hunting on the population level and the transmis- 
sion rate of rabies. 

A density-dependent death rate was also constructed to prevent unrealistically 
high fox populations from occurring in any cell. A multiplier (230%) was applied 
to the migratory carrying capacity to determine the maximum density or ultimate 
cell capacity (MAX DENSITY CC). As the population of a cell moves toward the 
maximum density, DDDs are applied to the migratory population (the population 
of the cell that exceeds the migratory carrying capacity). This function simulates 
increased mortality rates that result from overcrowding and reflects pressure from 
other infectious diseases and increasingly scarce food resources. 

The DDD is only employed in the model when the gap population (cell popu- 
lation minus migratory carrying capacity) is a positive number. Equations for the 
DDD in adults (DR DD ADULT) includes natural death rates and deaths due to 
hunting: 

DR DD Adult = IF CELL POP > 0 THEN DDD * (ADULT / CELLPOP) 

+ (DRNAT + DRHUNT) * (CELLPOP * DDD * DT) * 
(ADULT / CELLPOP)ELSE 0. 
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This will produce a death rate that is dependent on the density of the cell and ap- 
proaches 1 if the cell reaches the density limit. 

Migration Rate 

The initial stock of adult foxes in each cell is set at 80% of the migratory carrying 
capacity (MIGRATORY CC). The migratory carrying capacity is derived from 
land use characteristics in each cell and read from the prepared GIS maps. It de- 
scribes the healthy carrying capacity of foxes and determines migration tendency. 
When the population of foxes exceeds MIGRATORY CC, there is pressure for 
the extra foxes to move. The average carrying capacity for the individual cells in 
Illinois is approximately 32 animals. (The basis for these calculations are ex- 
plained in subsequent subsections.) 



11.3.7 Model Assumptions 

1 . There is no significant difference in the behavior of males and females regard- 
ing interaction outside the family unit and dispersion. The behavior of foxes is 
not significantly different when foxes outside the family unit are encountered. 

2. Large rivers are not a barrier to migration; it is assumed that foxes will use 
bridges, swim, or walk across the frozen surface during the winter. 

3. Rabies is always fatal; every fox that contracts rabies will die (Bacon, 1981b). 

4. All rabid foxes are equal sources of infection; all foxes during the rabid phase 
will behave similarly. 

5. Rabies incubation and infectious periods are the same length of time; there is 
no significant difference in the time periods of incubation and being infectious. 

6. All surviving juvenile foxes mature to adulthood at 1 1 months. 

7. There is no significant difference in the amount of resources each fox uses, re- 
gardless of age. 

8. The fox population has a definable maximum. We used the maximum densi- 
ties of foxes found in Great Britain (Anderson et al., 1981). 

9. The model starts with three rabid foxes along the Illinois/Indiana border. 

11.3.8 Georeferencing 

Red foxes ( Vulpes vulpes ) live in a variety of habitats (Storm et al., 1976). Ac- 
cording to the Illinois Natural History Survey, foxes avoid forested areas and in- 
terior urban areas (Gosselink, 1998). Foxes use forested areas for migration, but 
they are commonly avoided due to coyote competition. In general, red foxes are 
found in open croplands, grasslands, or pasture, using sloped areas for den sites. 
Urban edge areas and farmsteads are important habitats for the red fox due to the 
abundance of prey and forage in these areas. Gosselink (1998) estimated the av- 
erage east central Illinois red fox density at three adult foxes per 10 square miles; 
a breeding pair plus 1 nonbreeding (juvenile) fox. An average litter size is esti- 
mated at six pups, so approximately nine foxes are estimated to occupy every 10 
square miles in Illinois. 
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This estimate of the average healthy carrying capacity in the state helped to 
create a habitat-weighted fox carrying-capacity map for the state of Illinois. This 
was done using data collected by the Illinois Natural History Survey in the Land 
Cover of Illinois (Luman et al., 1996) GIS-based mapping projects. Urban edge 
cells were assigned a fox habitat value of 5 (urban edge is defined as any areas 
within 0.5 km of an urban-nonurban interface) and all interior urban cells were 
assigned a value of 0. Forest cells were assessed a value of 1 and remaining cells, 
including wetlands, croplands, and grass/pasture lands, were assigned a range of 
values from 2-3 depending on slope. 

The Land Cover of Illinois map data was aggregated into 6 X 6-mile cells, 
statewide. The habitat suitability values of the 6X6 cells were determined by 
the mean value of the aggregated smaller units. The mean habitat suitability 
value for a central Illinois cell is 1.977. The minimum habitat value in Illinois is 

I. 312 (downtown areas of Chicago). The maximum habitat value is 4.33 (subur- 
ban Chicago area). A healthy carrying-capacity map was produced by incorpo- 
rating the habitat suitability map data values with the average carrying-capacity 
calculation: 

, Habitat suitability 

HCC ma p — 9 /f oxes /]o S q. mile)U'6(sq .mile) )i 077 

'(mean habitat suitability) 

In this new carrying-capacity map, the minimum healthy carrying-capacity cell 
value is 21.50 foxes per cell and the maximum healthy carrying capacity cell 
value is 70.84 foxes/cell. This map was exported into a GRASS raster-based for- 
mat and imported into the SME for use with the STELLA fox model. 

II. 3.9 Spatial Characteristics 

Adult foxes do not always remain in the territory they chose during juvenile dis- 
persal. Adults are known to disperse only in the fall and winter, as juveniles do, 
so it is possible for incoming juveniles to displace some adult foxes. To simulate 
these characteristics and to simplify intercellular movement, the spatial model 
randomly assigns the direction of travel and limits travel to the four main com- 
pass directions. A fox that moves into a habitat cell that is at the carrying capac- 
ity (as derived from the map) forces the movement of a fox out of the same cell. 

The dispersal of foxes is essentially a function of two parameters: foxes emi- 
grating (out of a cell) and foxes immigrating (into a cell). These parameters con- 
trol the geographic movement of foxes throughout the spatial structure of the 
model. Figure 11.4 describes the cellular emigration functions of each stock in 
each of the cellular models. These functions become spatial in the SME environ- 
ment when cell carrying capacities are applied to the spatial components. 

Emigration 

Emigration is a function of the spatial resource limits of each cell. In this model, 
the carrying capacity of a cell is a fixed amount and has been determined by land 
use cover characteristics. The relative population of foxes in each cell fluctuates 
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Figure 11.4. The individual-cell model diagram of fox-emigration calculations for each 
stock. This portion of the cellular model determines outgoing foxes to the four adjacent 
cells. It allows STELLA to function spatially within the SME. 



with births, deaths, and immigration/emigration. Foxes emigrate when the calcu- 
lated population of foxes in the cell exceeds the carrying capacity of that cell. This 
simulates the relationship between fox populations and resource availability. 
When the relative fox population of an area exceeds the resources available, there 
is pressure for a part of the population to move. The characteristics of the emigrat- 
ing population in the model are determined by the characteristics of the total pop- 
ulation that occupies the cell at time tl. The total population of each cell is a sum- 
mation of the four stock variables in the cellular model: ADULTS, JUVENILES, 
ADULTS SICK, and JUVENILES SICK. The proportion of each stock to total 
cell population (CELL POP) determines the number of emigrants from each stock 
variable. For example, if a cell consists of 10 adult foxes, 15 juvenile foxes, and 2 
sick juvenile and 3 sick adults, the total cell population is summed to 30 foxes. 
This is compared to the migratory carrying capacity of the cell — in this case, 20. 
This means that there are 10 foxes too many in the cell and 10 will be forced to 
move at the next time step. Of the 10, 10/30 will be adults, 15/30 will be juveniles, 
2/30 will be rabid juveniles, and 3/30 will be rabid adults. These are calculated as 
EM ADULT, EM JUV, EM ADULT SICK, and EM JUV SICK, respectively. 

Once the total number and type of emigrants for each stock is determined, di- 
rectional preferences must be calculated. Foxes sometimes travel great distances 
to find suitable and available habitat. It appears, however, that in most instances 
foxes choose home ranges based on availability and not attractiveness. For this 
reason, a directional preference was assigned randomly for each group of emi- 
grants. These random assignments only occur when certain landscape and time 
considerations are met. There has to be an available pool of emigrants (from the 
EM calculations) to move, and it must be during September through December 
because foxes typically travel during the fourth quarter of each year. If each of 
these conditions is met, directional distributions are randomly assigned; that is, 
each emigrating fox (in each of the four stock variables) is assigned to one of the 
four geographic coordinates north, east, south, and west (Fig. 1 1.4). (Note that the 
Adult Sick emigrants are not constrained by a monthly timer. This is to simulate 
the erratic behavior that rabid foxes exhibit.) 

The total number assigned to each direction then moves and becomes part of 
the immigrating population for the adjacent cell. For example, the total number 
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Figure 1 1.5. The individual-cell model diagram of outgoing directional assignments for 
each stock. This portion of the cellular model reads incoming foxes from the four adjacent 
cells. It allows STELLA to function spatially within the SME. 



of foxes moving in a northerly direction from the base cell will then become 
FOXES IN, or additional foxes that have accessed the northern cell from the 
south. As a result the emigration function becomes the dynamic movement of 
the foxes across the landscape and the main driver for the immigration function 
of each cell. 

Immigration 

Immigration (Fig. 11.5), driven primarily by the emigration function, is the num- 
ber of foxes in each of the four primary stocks that have been added to the cell at 
each computational time step. If the incoming foxes plus foxes in the cell exceed 
the carrying capacity of the cell, then the emigration function is reactivated and 
the movement process begins anew. If the carrying capacity has not been ex- 
ceeded, then there is no pressure for any foxes to leave the base cell and none will 
emigrate. 

Model Constraints 

A. There is no interaction with the external geography of the model; foxes may 
not come or go beyond the model’s defined boundaries. 

B. Foxes may only migrate to another cell in the four cardinal directions. 

C. The rabies disease may only be transmitted to another cell by a migrating fox. 
This implies that home ranges may only exist wholly within a cell and may not 
overlap cell boundaries. There are no fractional home ranges within a cell. 

D. There is no edge interaction between cells other than migration. Unlike adja- 
cent home ranges within cells, adjacent home ranges that happen to be in two 
different cells do not interact, unless migration occurs. 



11.4 Results 

The spatial dynamics of the spread of the fox rabies disease provides and inter- 
esting picture. Figure 11.6 displays four maps produced form from the full 25- 
year run of the model showing the spread of the disease among the originally 
healthy, unhunted fox population. 
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Figure 1 1.6. Selected panels from the various periods throughout the 25-year model run 
of the spread of the disease through the healthy, unhunted population of Illinois foxes (f = 
xy years). 

Moving from left to right, the initial map depicts the state of the system at pres- 
ent (i.e., the initial number of healthy foxes across the state of Illinois); black 
areas are indicative of cells with low fox populations. The initial map also gives 
the reader an indication of the scale of the typical fox home range (each pixel in 
the picture represents the 6-mile 2 cell size in the model) and the complexity of the 
computational problems involved. 

The second map shows the incipient waves of disease that are created by the 
introduction of just three rabid foxes in the first month of the model run (these 
three rabid foxes are introduced into the model only once). Easily visible at the 
eastern border of the state, the dark areas in this map are areas of minimal fox sur- 
vival and the map displays the dramatic impact that rabies can have on a healthy 
population. 

After 2.6 years, the advance of the first wave of disease is clearly recognized, 
and in the third map, the disease has spread halfway across the state and is calcu- 
lated to be advancing at about 24 miles/year. Also visible at this point is the rein- 
troduction of the disease at its origin. This wave phenomena has also been noted 
in the construction of other dynamic epidemic disease models (Hannon and Ruth, 
1997). 

The fourth panel (7 years) describes a mature disease and the wave of disease 
is in its epizootic stage. The traveling wave is continuously repeated, with each 
successive wave peak of the disease more spatially diffused in the east-west di- 
rection of the advance. This traveling epizootic wave can be seen as the slow 
cycle on the annual cycle in Figure 11.8. The successive waves develop because 
the disease does not eradicate the entire population and some of the disease re- 
mains viable in the surviving foxes. The disease is unable to move at this point, 
however, because the population of available foxes is not large enough to encour- 
age much migration. Once the population builds to critical mass however, migra- 
tory behavior resumes and the disease begins to spread again, perhaps augmented 
by the occasional healthy immigrant from Indiana; they regrow to a substantial 
healthy population, but again are infected by the strays heading east from the dis- 
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Figure 1 1.7. The model results for a healthy population of Illinois fox and for the same 
population responding to the introduction of the three rabid foxes in the first month of a 
25-year period. These results are for the condition where the hunting pressure was entirely 
suspended. 



ease front. The epidemic builds more slowly in each ensuing repetition because it 
begins with a smaller healthy population each time. Finally, although difficult to 
display in a static format, the disease becomes endemic — without epidemic pulse. 
In this stage, the number of diseased foxes in the state is nearly constant (5586). 

Mapped images are extremely powerful for displaying the spatial interactions 
and dynamic movement of the rabies disease. Although difficult to represent in 
static format, the animations of these images provide a strong case for the use of 
spatial simulation modeling for numerous applications. The mapped images will 
also become important in future work regarding the most efficient disease control 
strategies. A more quantified approach for displaying the results of our calibrated 
model runs is discussed in the following subsections. 

11.4.1 Rabies Pressure 

Although hunting pressure now exists on an apparently declining Illinois fox pop- 
ulation, we thought the presentation of our results would be clearer if we started 
the model with the fox population at or near the 1970 estimated mean level of 
about 88,000. We did lower the initial population in the model, but the long-term 
results of subsequent runs were unaffected by this kind of change in the initial 
conditions. For the first part of our model runs, we choose to suspend the effects 
of hunting to allow us to gauge the impact of the disease alone. 

Healthy fox populations were set initially at 80% of the carrying capacity of 
the cell. The model results show that the healthy, unhunted population settles to a 
reasonable fluctuation between 40,000 and 1 18,000, with a mean level of 79,000 
(Fig. 1 1.7). The total population cycle shown in Figure 11.7 is caused by the birth 
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year 

Figure 1 1.8. The model results for a healthy population of Illinois foxes (no rabies dis- 
ease) with and without hunting pressure. 



of a large number of juveniles every March and the automatic redefinition of the 
surviving juveniles to adults in the ensuing January. 

Effect of Disease Alone 

Our next step was to introduce the disease to a healthy cyclically stable, unhunted 
fox population. Because rabies is noted to be spreading westward from Pennsyl- 
vania, we choose to introduce three rabid adult foxes in the first month of the 25- 
year run. We choose to separate the effects of hunting from those of the disease. 
The results are shown in Figure 11.8. Note that the fox population declines to an 
average steady cycle with a mean of about 22,000 foxes; this is a 72% reduction 
from initial population levels. From this model run, our estimate of the effect 
of rabies is that the population will suffer a severe setback (a reduction to one- 
quarter of the healthy mean); the fox does not disappear from the landscape. To 
ecologists, this is the good news: The fox is not eliminated by the disease. To 
public health officials, the news is not so good: Diseased foxes remain in the 
state, albeit at much reduced levels, and therefore some threat of spread of the 
disease into the pet population remains. 

11.4.2 Hunting Pressure 

We then introduced the full effect of the estimated current level of hunting. The 
results indicate that the healthy fox population disappears over a 25-year period at 
current rates. Our hunting rates are constant from year to year, however, an as- 
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sumption which cannot be totally accurate. Some of the fox hunting is for pelts 
and that portion (unknown) of the hunting pressure would fluctuate with the price 
of pelts and the availability of foxes. 

The dynamics of the fox under the pressure of full-scale hunting is illustrated 
in Figure 11.8. The Illinois fox population, subjected to current hunting pressures, 
declines to essentially zero over the ensuing 25 years. 

We made several more runs with the hunting pressure reduced to one-half and 
then one-quarter of the full-scale current hunting pressure. As one reduces the 
hunting pressure, the fox populations approaches the no-hunting, cyclic result 
mentioned earlier, with most of the recovery made when the hunting pressure was 
halved. These results are shown in Section 1 1.4.3. 



11.4.3 Combined Effects 

As noted, current hunting pressures are sufficient to essentially eradicate the Illi- 
nois fox population in about 25 years, with or without introduction of the disease. 
The current hunting pressure is so severe that the introduction of the disease 
would have virtually no effect. This is predictable because hunting lowers the 
densities to the level that immigration/emigration virtually cease and the disease 
does not have a chance to spread. Our results show, however, that if the hunting 
death rate is lowered to between one-half and one-quarter of its current level, the 
effect on the fox population is small during the course of the disease. 

If the hunting death rate were reduced to half of its current level, the mean 
steady-state population level would drop from 79,000 foxes to 56,000, a decline 
of about 30%. Twenty-five years after the introduction of rabies, the long-term 
mean population with this level of hunting is within 15% of the unhunted mean 
(see Fig. 1 1.7). Thus, hunting at this reduced level has little effect on the popula- 
tion level of the rabies-infected fox population. The reduced diseased rate due to 
the reduced density caused by hunting are nearly offset by the increased hunting 
death rate. The hunting pressure at any rate is not selective for rabid foxes and, 
therefore, the only effect of hunting on the spread of the disease is through the re- 
duction of the contact rate of rabid and healthy foxes. Fox death due to the disease 
is replaced by death due to hunting. 

The patterns of morbidity are considerably different during the early phases of 
the disease. Hunting deaths are assumed to be distributed across the state on the 
basis of the local fox population. The deaths due to the disease spread in ever- 
broader waves, emanating from the initiation points. Eventually (after about 15 
years), the disease becomes endemic and the time and spatial patterns of both 
death rates become identical (Fig. 1 1.9). 



11.4.4 Controlling the Disease 

Control of wildlife disease is often expensive. Evaluation of control measures in 
a dynamic modeling facilitates decision-making and gives policy makers addi- 
tional information and insight into the effects of the control measures tested. Use 
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Figure 1 1 .9. The total Illinois fox population with the introduction of three rabid foxes 
across the Indiana Illinois border (at time = 0), without hunting and with hunting at one- 
half the current level. 



of dynamic models in the study of wildlife diseases also identifies areas where in- 
formation is lacking. 

Control attempts without clear knowledge of the spatial qualities of the studied 
population or disease can produce less than optimal results (Cowan, 1949). Bogel 
suggested that methods used in advance of a rabies epizootic would not be effec- 
tive in controlling the spread of the disease once the epizootic has begun (Bogel, 
1981). Additional work by Bogel et al. resulted in a proposed method to evaluate 
populations and rabies control in the wild (Bogel et al., 1981). 

Anderson et al. (1981) evaluated culling, vaccination, and culling combined 
with vaccination as control measures for vulpine rabies. Their model revealed 
that population dynamics, most notably reproduction, limited the effectiveness of 
culling alone. Vaccination of foxes is a commonly chosen control method, but, 
again, has had limited success, particularly in areas of high animal density and 
good habitat (Baer et al., 1971; Black and Lawson, 1973). It is estimated that 
nearly 100% vaccination is required in areas of good habitat and greater than 15 
foxes/km 2 (Anderson et al., 1981). 

Thus, vaccine programs (the current preferred method of control) are expen- 
sive and have not been proven completely effective. The cost-effectiveness of an 
air-drop vaccinated bait program could be increased dramatically by more precise 
knowledge of the location and rate of spread of the disease. A modeling process 
such as ours should be of great help in such in program given the proper monitor- 
ing of the current status of the disease. The model presented can describe a rea- 
sonable estimate of the location and rate of spread of the disease front. The model 
would need to include some additional temporal variability: the inevitable lag in 
the reporting of the appearance of rabid foxes, the probable lags in the initiation 
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of the vaccine drop, in the effective life time of the bait and the probable lag time 
between drop and discovery by the foxes. Our model could be expanded to be- 
come effective in this arena if appropriate data could be furnished. 



11.5 Model Conclusion 

The current fox population in the state of Illinois is believed to be rabies-free, 
but the disease appears to be spreading westward from the eastern regions of the 
country. The public health concern is that rabies could spread from foxes to pets 
to humans. We have developed a model of the spatial spread of the rabies dis- 
ease through the Illinois fox population. We have calibrated the model to the 
best possible extent by altering model parameters such as the death rate (to 
match historic population estimates) and the biting coefficient (the parameter 
that modulates the rate of spread of rabies between rabid and healthy foxes). 
Historic record and model results indicate that vaccination and hunting seem to 
have some effect on the presence of the disease. Therefore, there exists a gov- 
ernmental need to understand the spatial dynamic of the disease and the effects 
of control strategy scenarios. 

Our model is a start in the development of such a public policy tool. We have 
shown that the disease would likely spread among the native healthy fox popula- 
tion from east to west at about 24 miles/year.* The disease would oscillate in 
waves radiating from the point of introduction, in ever-broader and lower waves, 
superimposed on the annual cyclical swings in the normal fox population. The 
disease appears to become endemic across the state in approximately 15 years. 
We also found that although current hunting pressures would wipe out the fox in 
the state, hunting at about half this level has an effect indistinguishable from that 
of the disease itself. Half-current hunting death rates are substituted for the re- 
ductions in the death rate of the disease itself. This half-current level of hunting 
would reduce the fox population in the state to about 70% of the expected 
healthy, unhunted level. We found that the disease in the absence of hunting 
would reduce the mean steady-state fox population by 72%. We suspect that our 
model could be augmented with currently unavailable data to make it useful in 
guiding a fox rabies vaccination program. 



11.6 Modeling Environment Discussion 

The main weakness in the collaborative spatial modeling approach is the neces- 
sary process of simplification and aggregation. Modeling by definition is a 



*It is important to note here that we calibrated our model with the total Illinois fox popula- 
tion estimates for the previous 30-year period by fitting our expected populations to the 
curve of the previously found populations. This helps to validate the modeled rate of 
spread of the disease. 
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process of simplification — of breaking down complex issues into their core com- 
ponents and looking for causal relationships. The SME is a tool that is able to 
capture a wide amount of variables and effectively synthesize for output. How- 
ever, it may be this synthesizing or aggregation process into one computational 
time step, even though varying time steps may be needed to accurately reflect the 
data, that oversimplifies the outcome. In our approach, we model the fox density 
rather than the individual, so the complex interactions between individuals be- 
come statistical probabilities with aggregations of probable outcomes. 

We believe that the SME approach has no more weaknesses overall than any 
other computer modeling approach. The key modeling problems lie in how the 
model is structured, which puts the responsibility on the modelers and modeling 
team. The SME approach allows the efficient involvement of a team of experts 
(due to its easily understandable iconographic front-end and spatially explicit out- 
put). This collaborative environment more than makes up for any computational 
inefficiencies. The resulting model is more believable and more supported by the 
participating experts than if it were done by a single modeling consulting with ex- 
pert input. 
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Landscape Optimization: Applications 
of a Spatial Ecosystem Model 
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12.1 Introduction 

Rapid population growth, development, and change in land use and land cover 
have become obvious features of the southern Maryland landscape. This growth 
and how and where it occurs can affect the amount of increase in point and non- 
point source pollution. As a result, spatial organization of the landscape influ- 
ences the water quality in rivers and estuaries and becomes an important factor in 
designing strategies to meet the environmental goals set in several local and re- 
gional documents, such as the Chesapeake Bay Program (CBP, 2001) or the 
Calvert County Comprehensive Plan (Jaklitsch et al., 1997). A landscape water- 
shed model can be used to make these connections between landscape organiza- 
tion and water quality and quantity. The modeling approach was advocated as a 
decision-support tool that promotes decisions based on the holistic systems ap- 
proach. Models serve as repositories of current understanding of ecosystem 
processes and of the various datasets available regionally. They ensure that the 
data are internally consistent and sufficient and offer a straightforward method to 
analyze and compare alternative scenarios of development. Moreover, models 
may lead to further advanced techniques and methods of analysis, the results of 
which may be then translated back from the modeling exercises to the natural sys- 
tems and may be used for making decisions. The model in this case is used as a 
substitute for the natural system that can be manipulated and put into a variety of 
conditions — something that would be completely prohibitive to perform in the 
natural system. One such model manipulation is related to optimization methods, 
in which case we automatically browse over a multitude of combinations of sys- 
tem characteristics in an attempt to find the ones that bring the system as close as 
possible to a certain desired state. 

We have focused our studies on the Hunting Creek Watershed (Fig. 12.1), 
which is located entirely within Calvert County in Maryland (USA). The goals of 
the study were as follows: 
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Figure 12.1. Geolocation of the Hunting Creek watershed. Hunting Creek is a relatively 
small (77.5 km 2 ) subwatershed of the Patuxent watershed in the Chesapeake Bay drainage 
basin. 



• Apply a landscape model that integrates the data on land use, point and non- 
point pollution, zoning and landscape characteristics to generate estimates of 
water quality in Hunting Creek 

• Locate gaps in information available and coordinate the monitoring efforts 

• Provide a common ground for citizen’s participation, research, monitoring, 
and decision-making 

• Suggest a pilot study for other subwatersheds across the County and the 
County as a whole 

• Provide a decision-making tool for the county government. 

Three scenarios of development of the county have been run on the Hunting 
Creek Model (HCM) (Voinov et al., 1999). The two most significant flows of nu- 
trient loading in the watershed came from the atmospheric deposition (-40%) and 
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the fertilizer application (-35%). Most of the trend in nitrogen concentrations in 
the estuary could be explained by the variations in these inputs. The variations 
in the density of dwelling units that the various zoning strategies assumed could 
explain only 3-7% of change in the nitrogen concentration in the estuary zone. 
However, unlike atmospheric deposition, the nitrogen loads delivered by the res- 
idential and agricultural uses appear to be the easier ones to harness and control 
locally. 

Therefore, we further focused on agricultural practices in the region and ap- 
plied optimal control methods to derive management practices that could be least 
environmentally hazardous and yet deliver the same or better economic yields. In 
addition to searching the parameter space, we attempted to analyze the spatial 
patterns in terms of their optimality. Spatial optimization for a nonlinear dynamic 
system, like the one presented by the HCM, is a tough computational problem 
that is not very well represented in literature. In most cases, the applications are 
limited to random search algorithms. We have come up with a simplified algo- 
rithm that substitutes the overall procedure of global spatial optimization by a 
local optimization over an array of precalculated coverages, which represent the 
system under different combinations of control factors. Some of the comparisons 
performed indicate that this method produces results that are close to the global 
optimization procedures. We hypothesize that as long as the system behavior is 
sufficiently smooth and the spatial interactions are not too dense, the local 
method can be used as a good approximation for global optimization. The gain in 
performance in the local approach is quite considerable, which allows optimiza- 
tion for models, the complexity of which is prohibitive for full global optimiza- 
tion. The optimization methods developed for this case study are presented in 
more detail in the work of Seppelt and Voinov (2002). Here, we focus on some of 
the results and their implications for decision making. 



12.2 The Hunting Creek Model 

The Landscape Modeling Approach (LMA) was designed to serve as a tool in a 
systematic analysis of the interactions among physical and biological dynamics in 
a watershed, conditioned on socio-economic behavior in the region. To account 
for ecological and economic processes in the same modeling framework, we need 
to provide free exchange of information between the ecological and economic 
components. That immediately translates into the requirement that the scale and 
resolution of the spatial, temporal, and structural interpretations are adequate to 
represent both of them. In particular, the spatial representation should be matched 
so that land use or land cover transformations in one component can be commu- 
nicated to the other one. For such purposes, it may be difficult to employ the more 
conventional approach based on spatial aggregation to larger units, called ele- 
mentary landscapes, elementary watersheds, elementary areas of pollution, or 
hillslopes (Band et al., 1991; Beven and Kirkby, 1979; Krysanova et ah, 1989; 
Sasowsky and Gardner, 1991). These units are considered homogeneous and 
form the basis for the hydrologic flow network. The boundaries between spatial 
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Figure 12.2. Annual dynamics of rainfall (m) and runoff (m/day — normalized for the 
cell size). The model is driven by rainfall to a larger extent than the actual runoff. See text 
for a discussion of possible sources of error. 



units are fixed and cannot be modified during the course of the simulation. This 
may be somewhat restrictive, if we are to consider scenarios of land use change, 
generated by the economic considerations, which were not envisioned in the de- 
sign of the elementary spatial units. 

A more mechanistic approach seems to be better suited. As in the other chap- 
ters of the book, in the HCM we present the landscape as a grid of relatively small 
homogeneous cells and run simulations for each cell with relatively simple rules 
for material fluxing among nearest neighbors (see also Burke et al., 1990; 
Costanza et al., 1990; Engel et al., 1993; Maxwell and Costanza, 1995; Sklar et 
al., 1985). This fairly straightforward approach requires extensive spatial datasets 
and high computational capabilities in terms of both storage and speed. However, 
it provides for quasicontinuous modifications of the landscape, where habitat 
boundaries may change in response to socio-economic transformations. This is 
one of the prerequisites for spatial optimization analysis because it allows one to 
modify the spatial arrangement of the model endogenously, within the simulation 
procedures. 

The dynamics in the HCM are similar to those developed in the Patuxent Land- 
scape Model (see Chapter 8). By focusing on a smaller subwatershed, we can in- 
crease the spatial resolution, make many more model runs to better calibrate the 
model, and refine our understanding of some of the crucial ecological processes 
and spatial flows in the ecosystem. A rather small study area is especially essen- 
tial for the optimization procedures that require numerous consecutive computer 
runs of the model. We partition the landscape into a spatial grid of square unit 
cells, 200 m X 200 m in the case of HCM. 

To calibrate the model, we have employed the same stepwise approach dis- 
cussed in Chapters 3 and 4. We start with a set of experiments to test the sensitiv- 
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Figure 12.3. Hydrology calibration for 1990-1991 and further runs of the model for 
1992-1996. The latter model runs may be considered as validation, because the parameters 
derived from the 1990-1991 calibrations were not changed. 



ity of the hydrologic module. Calibration of the hydrologic module was con- 
ducted against the United States Geological Survey data for the one gaging sta- 
tion on the Hunting Creek watershed (USGS, 1997). First, the model was cali- 
brated for the 1990 data. Then, it was run for 7 consecutive years (1990-1996). 
Figure 12.2 displays the annual dynamics of rainfall for 1990-1996 and shows 
that this period gives a good sample of various rainfall conditions that may be ob- 
served on the watershed, 1994 and 1996 being the wettest years and 1991 the dri- 
est year. The results displayed in Figure 12.3 are in fairly good agreement with 



306 Ralf Seppelt and Alexey Voinov 



the data and may be considered as model verification, because none of the param- 
eters have been changed after the initial calibration performed for 1990. 

Several sources of error may be identified: 

• The model uses daily total precipitation. Therefore, we cannot distinguish be- 
tween a downpour and a drizzle if the total amount of rainfall delivered over 1 day 
is the same. The runoff associated with these events can, in fact, be quite different. 

• There is no climatic station located directly on the watershed. Therefore, we 
use interpolated data from two stations nearby. However, some rainfall events 
can be very local and therefore will not be properly simulated. The sensitivity 
analysis showed that the overall annual flows are highly sensitive to particular 
climatic time series and to the spatial patterns of climatic data. 

• We also cannot exclude a chance of some error in the data. 

Nevertheless, the general hydrologic trends seem to be well captured by the 
model. We did not have any reliable data to calibrate the spatial dynamics of 
groundwater. However, we watched the simulated total amount of water in satu- 
rated and unsaturated storage to make sure that the model is in quasi-steady-state 
with respect to groundwater. The dynamics of these integrated values were in 
good agreement with the total amount of rainfall received by the watershed, re- 
sponding with a lower level of the groundwater table in dry years and a rising 
water table during wet periods. 

Once the watershed hydrology is mimicked with sufficient accuracy,* we can 
move over to the calibration of the water quality component. Now, the nitrogen 
module is activated, and the simulated nitrogen concentrations in the Hunting 
Creek are compared to the data observed at the same USGS gauging station. It 
should be noted that, unfortunately, the station is located fairly high on the water- 
shed, so that it actually accounts only for a part of the watershed. However, be- 
cause there is no better information available, we had to confine our calibration to 
this dataset. 

There are four major sources of nutrient loading in the watershed: 

• Atmospheric deposition [data (in mg/L) were downloaded from the National 
Atmospheric Deposition Program website (NADP, 2000)]. 

• Discharge from a sewage-treatment plant. [This input has been considered 
negligible, because in this watershed, all sewage undergoes tertiary treatment 
(land application); however the indirect flows of nitrogen from these sources 
are worth consideration in the future.] 

• Discharge from septic tanks (calculated as a function of discharge per individ- 
ual multiplied by number of dwelling units multiplied by 2.9 — average num- 
ber of people per dwelling unit in Maryland). 

• Application of fertilizers in agricultural and residential habitats (estimated 
based on the yield and soils map available from Maryland Office of Planning). 

• Mineralization of dead organic material. 



*For these results, we refer the reader to the CD attached and the web page at 
http://giie.uvm.edu/PLM/HUNT, where further model output is presented. 
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Figure 12.4. Total nitrogen load from various sources: (A) annual dynamics of total ni- 
trogen loading (N kg/ha); (B) total annual nitrogen loading (N kg/ha). 



The relative contribution of each of these sources is presented in Figure 12.4. 
Currently, it appears that the fertilizers and the atmospheric deposition present 
the major sources of nitrogen pollution on the watershed delivering almost 80% 
of nitrogen to the area. However, the fate of nitrogen from different sources may 
be different and one of the main uses for the simulation model is to track the path- 
ways of nutrients from different sources to the estuary. 

The model was able to reproduce the trends of nitrogen concentration at the 
gauging station (USGS, 1995) (Fig. 12.5). It should be noted that the water qual- 
ity data are quite patchy, and considerable time periods remain unaccounted for 
by the observations. In addition, it may be fairly easy to miss a peak of water flow 
while getting the samples, the nutrient concentrations tending to be the highest 
during the peak flow. Therefore, the water quality data are likely to represent the 
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Figure 12.5. Nitrogen calibration for the data at the USGS gauging station. 



base flow concentration and, consequently, they usually underestimate the true 
long-term nutrient dynamics. 

In addition to the daily nitrogen dynamics, we obtained a fairly good fit for the 
annual average concentration (Fig. 12.6). In most cases, there is an overestimate 
of the nitrogen concentration in the model, which may be well explained by 
higher concentrations usually observed in peak flow. In many cases, the water 
quality data fail to capture the peak flow events; therefore, they underestimate of 
nutrient concentrations in the data. Overall, the model seems to do a good job pre- 
dicting the integral and distributed fluxes of nutrients over the watershed. This al- 
lows us to move on to further analysis and other applications of the model. 
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Figure 12.6. Dynamics of yearly average concentrations of nitrogen in comparison to 
the USGS data. 

12.3 Optimization 

Once the model is calibrated and tested, it may be used in a variety of ways. One 
possible application that may be especially useful in the decision-support frame- 
work is the use of the model as a core for optimization experiments. Instead of 
running numerous scenarios through the model and then comparing the results [as 
was done in Chapter 8], we formulate a certain goal that we want the ecosystem 
to reach and then let the computer sort through the numerous parameter and pat- 
tern combinations to reach that goal. To formulate an optimal control problem, 
we need to identify the simulator, the control parameters, the conditions, and the 
goal function. 

The simulator is the representation of the system that can connect the control 
parameters (inputs) with the indicators (outputs) that are used to estimate the prox- 
imity to the goal state. In our case, the model is the simulator. The control param- 
eters are the management strategies formulated in terms of model variables and 
parameters. These are the ones that can and should be modified to attain a certain 
system performance. There are also always certain restrictions on these and other 
system components, beyond which they should never change. These are called 
conditions and they should be specified prior to any optimization attempts. The 
goal function (or performance criterion) is a mathematical formalization of a state 
of the system that is considered desirable. It is formulated in terms of the model 
variables and is to be brought to the extremum during the optimization exercises. 
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In our case, the optimal control problem has been defined as follows. Suppose 
that we are considering a study area A = { (i, /); n. < i < N., m. <j<M.}, repre- 
sented by a map, over a time interval T. Suppose that z is a cell on the grid, ze A, 
and c(z) is the land use (or habitat type) in cell z. In our case, ce L = { soybeans, 
winter wheat, corn, fallow, or forest}. Q = (c(z), zeA} is the land use coverage. 
F( c, t ) is the amount of fertilizers applied for the habitat type c at time t. This will 
be further modified by the expected yield estimations driven by the soil map. Flic, 
z) is the yield of crop c (if any) harvested from cell z. N(z, t) is the amount of ni- 
trogen that escapes from cell z at time t. The control parameters in our case are the 
amounts and timing of nutrients applied, F(c, t), and the habitat pattern, Q, speci- 
fied by the land use map. 

We will be looking for a land use pattern, Q*, and a strategy of fertilizer appli- 
cation, F*, which reduce nutrient outflow out of the watershed and increase yield. 
In math terms, this goal function has to take into account crop yield, operation 
costs, of which we consider only fertilizer application at this time, and nutrient 
outflow. The first two factors are easier to compare if we operate in terms of 
prices. The revenue from the yield over the whole study area is A = X P h (c)H(c, z), 
where P H (c) is the current market price of crop c. The price of fertilizers applied 
is then B = P F X F(c(z), t), where P p is the unit price of nitrogen fertilizer. 

The “economic” part of the goal function is set up by the values of A and B. 
Clearly, A is to be maximized and B is to be minimized, which means that A — B 
is to be maximized. 

The “ecological” part is harder to formalize and compare. There may be two 
ways to look at the nutrient outflow. We may look at the total amount of nutrients 
generated by all the cells in the study area, C = X JL t N(z, t). This is the distrib- 
uted nutrient leaching. Even better is to look at the amount of nitrogen in the out- 
let cell of the watershed z 0 . In this case, we take into account the compensation 
mechanisms of uptake along the pathways of nitrogen while it travels across the 
watershed and estimate the actual water quality in the river estuary: C = X N(z 0 , t). 
Clearly, in both cases C is to be minimized. The major challenge is to express C 
in units that can be compared with the dollar measure that we easily derived in A 
— B. Without going into any further details at this point, let us simply assume a 
weighting coefficient \ and formulate the goal function as 

J = A — B — \C. (1) 

This function is to be maximized in the optimization procedures: J—> max, over 
the space S = {Q X F}, where Q is the land use map and F is the fertilizer appli- 
cation function. 

12.4 Spatial Optimization: 

12.4.1 Problem Classification 

The scope of ecosystem management problems ranges from forest management 
and timber harvest (Loehle, 1999; Tarp and Helles, 1997), to agricultural prob- 
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lems (Makowski et al., 2000; Nevo et al., 1993, Seppelt, 2000), to general issues 
of land use change (Martinez et al., 1998), and to habitat suitability (Bevers et al., 
1997). The models used differ in terms of mathematical structure. Modeling 
methodology ranges from aggregated dynamic models based on difference equa- 
tions of exponential growth (Bevers et al., 1997; Loehle, 1999) to complex mod- 
els based on systems of nonlinear differential equations (Randhir et al. 2000; Sep- 
pelt, 2000). In terms of optimization methodology, there is an equally broad 
spectrum of approaches: The optimization methods are clearly related to the 
mathematical structure of the model. 

As a result, the optimization techniques in environmental modeling differ con- 
siderably from one problem to another. This may be in contrast to engineering 
problems, where the optimization methods are usually the same as long as the 
model structure is defined by a system of ordinary differential equations (Bulirsch 
et al., 1993). This is especially so, when spatial problems are formulated and the 
mathematical heterogeneity of the simulation model increases (Seppelt, 2000). 

Complexity of an optimization task depends on two factors: the complexity of 
the ecosystem model (number of state variables, degree of nonlinearity, etc.) and 
the spatial complexity (size of study area, grid cell size, number of spatially inter- 
acting processes). The more complex the simulation model is and the more spatial 
relationships that are considered, the lower are the chances to succeed in opti- 
mization. For such complex models, scenario analysis is usually the only feasible 
method. Figure 12.7 shows a diagram of this relationship. 




Figure 12.7. Concepts of regional optimization solutions as identified from recent 
literature. 
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Scenario analysis compares the outcome of a given number of scenarios, which 
are identified with possible management strategies. Optimization procedures per- 
form a systematic search over the whole control space automatically. Whereas 
optimization tasks require much less effort in preprocessing and formulating the 
numerous scenario options, their computational complexity is incredibly high. 
Therefore, in most cases, optimization requires certain simplification or aggrega- 
tion (Fig. 12.7). This is achieved either by aggregation of the model or aggrega- 
tion of the study area, or both. 

The only other option would be to improve the optimization procedures. There 
is not much that can be done on this track; nevertheless, a combination of some 
well-known procedures of optimization that we used in this study has consider- 
ably increased their overall efficiency. 



12.5 Methods 

12.5.1 Global Versus Local Optimization 

With the above performance criterion we chose, we need to sort through all of the 
possible combinations of six available land use types over the study area under 
different conditions of fertilizer application. Complexity of the problem directly 
depends on the size of the considered investigation area. For example, for the 
Hunting Creek watershed, which is represented by 1944 cells, there may be 6 1944 
different land use patterns (WQW = 6 1944 ), an incredibly large number. For a 
smaller subwatershed that covers only 25% of the total area, there are 6 502 possi- 
ble land use patterns, still too high a number even to consider a direct search. To 
cover the growth periods of all crops, starting with soybeans and ending with the 
harvest of winter wheat, we need to look at a simulation period of 551 days. Be- 
fore planting and after harvesting a crop, fallow is assumed to be the land use type 
of the cell. One simulation run of the entire model for the 551 days requires about 
20 min (on a Sparc Ultra 10 Workstation). Obviously, a simple search through the 
entire control space is not an option. Gradient search procedures would require 
less time, but they will not work because of the complexity of the simulation 
model and discrete control variables, which makes any estimation of the deriva- 
tive to the control variable impossible. 

The approach used here makes use of the ability of the landscape model to deal 
with spatially distributed information. Let us assume that neighborhood effects are 
small. For instance, suppose that the fact that a forest is adjacent to winter wheat 
does not dramatically change the patterns of growth and pollution. Clearly, in real- 
ity, this is not the case, and neighborhood connections are important. The question 
that remains to be answered is: How important? Assuming that the answer is “Not 
very,” we may substitute the optimization of the full-watershed model by an opti- 
mization for all the individual cells in the study area. The full watershed is then con- 
sidered as a collection of independently running cell models. They still interact with 
neighbors receiving inflows and generating outflows, but these interactions are as- 
sumed local and do not take into account the synergism of a changing landscape in 
the neighborhood. We can then reduce complexity quite dramatically by perform- 
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mg the optimization for every grid cell independently. This requires a formulation 
of the goal function for every grid cell z. Define A(z). B(z ), and C(z) as follows: 

A(z) = p H (c)H(c, z), the local proht from crop yield 

B(z) = p F 2 F(c(z), t), the local cost of fertilizers applied 

C(z ) = 2 N(z, f), the amount of nitrogen leaching produced locally 

A(z), B(z), and C(z) are now calculated for a specific cell. They do not require in- 
tegration over the entire study area. Based on these definitions, the local goal 
function for every cell is then 

J(z) = A(z) ~ B(z) - \C(z). (2) 

For each cell z, J(z) is to be maximized over the space S = { L(z) X F(z)}. Note 
that in this case, the number of land use combinations (the size of space S in c) 
IILII = 6, which is dramatically less than when we were considering the whole- 
map implementations. Using the spatially explicit simulation model, we can cal- 
culate A(z), B(z), C(z), and J(z) for all of the cells at the same time and present 
them as maps. Assuming a homogeneous land use and identical fertilizer amounts 
for each cell, we can generate a series of maps for different combinations of crops 
and fertilizer application rates. The number of these combinations may be kept 
quite small (10-50 combinations, depending on the number of possible fertiliza- 
tion levels we want to consider). More important, the number of combinations 
does not depend on the size of the investigation area. We can then store these 
maps and solve the optimization problem as a combinatory problem by maximiz- 
ing J(z) for every grid cell depending on the precalculated maps of the goal func- 
tions A(z), B(z), and C(z). The result is a pair of land use and fertilizer maps that 
optimize the local performance criterion. This pair is then fed into a spatial simu- 
lation that is used to calculate the global performance criterion (1). 

The question, which remains open, is whether the result we get based on the 
local performance criterion in Eq. (2) is close enough to the result delivered by 
the global criterion (1). Does the maximization of J(z) for each cell z lead to a 
maximization of J? How much does the synergistic effect of land use change 
matter for a watershed like Hunting Creek? 



12.5.2 Monte Carlo Simulation 

To answer these questions, we would need to resolve the global problem (1): 
however, that would require a considerably larger amount of computations. At 
this point, instead of studying the whole control space, we can at least perform a 
Monte Carlo type of analysis, randomly choosing some points in the space S. We 
can then at least see whether the results of local optimization tend to be close 
enough to the Monte Carlo results. 

The algorithm can be described in mathematical terms by the following sto- 
chastic process. Let Zj(z)e [0, 1] be a random variable. If Z, (z.) < p i for cell z, a 
new land use is randomly generated for this cell. This is done by a stochastic vari- 
able Z 2 eL = {corn, soybeans, wheat, fallow, forest} such that 

B(Z 2 (z) = c(z)|Zj(z) <p { ) =f(c). 
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where f(c) is a density function for the crop distribution to be generated for every 
modified cell, and /(c) is assumed to be constant for the entire region. It may be 
generated by a stochastic process prior to generating the stochastic land use map 
or it may be derived from the distribution of a known land use (e.g., from the 
local optimal solution). This leads to different types of Monte Carlo simulation: 

• Land use patterns are generated from scratch, without any knowledge about a 
possible land use pattern — > /? = 1 ;/(C) is generated stochastically. 

• Land use patterns are based on reallocations p = 1 ; f(C ) is derived from 
known land use patterns such as historic data or optimal local solutions. 

• Land use patterns are disturbances of optimal solutions by a certain percentage 
x -4 p l = 0.0 lx; /(C) is derived from the optimal solution. 

In this way, we either search the entire control space or look at the control space 
in the vicinity of the local optimal solution. In both cases, we certainly cannot 
claim that we solved the problem of global optimization, but at least we can get 
some feeling of the behavior of the goal function and see how our local solution 
looks in comparison to the other combinations of the control parameters. 



12.5.3 Solving the Global Problem by Genetic Algorithms 

As we have seen in the previous subsections, the global optimization problem can- 
not be solved in terms of a combinatorial optimization problem. The application of 
iterative procedures, which are usually based on gradient search algorithms, may 
be inappropriate because, in many cases, the derivative cannot be estimated either 
analytically or numerically. This is because of the complexity of the ecosystem 
model and the combination of discrete and continuous control variables. 

Genetic algorithms (GAs) offer a solution to the optimization problem based 
on the global performance criteria. The first step of GAs is to define a representa- 
tion of the control variables of the optimization problem to a genome. Based on 
the idea of “survival of the fittest,” a stochastically generated first population of a 
distinct number of individuals runs through an evolutionary process. The GA de- 
termines which individuals of a population should survive, which should repro- 
duce, and which should die. New individuals are created based on the operations 
of crossover, mutation, and gene migration. 

An application of the GA to an optimization problem requires three steps: 

1 . Definition of a representation 

2. Definition of the genetic operators 

3. Definition of the goal function 

Equation (1) presents the goal function for our problem. Common libraries sup- 
port the second step. We used a C + + Library of Genetic Algorithm Components 
(GALib) (see Wall, 1996). The first step, the representation of the land use and 
fertilization patterns to a genome, is defined as follows: 

• Each controllable cell -e R defines a single gene g , k = I .... , \R I. The 
genome has length l/?J. Urban and rural cells have no representation in the 
genome, as these are noncontrollable cells. 
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• The location of the gene in the one-dimensional array genome string is identi- 
fied with the location of the cell in the grid map k\-> z = (i,j)e R ■ 

• The land use type is a discrete attribute of a cell or gene. The fertilization 
amount can be approximated by a discrete value (see Section 12.4). The con- 
trol variables are therefore defined by an allele set L = (c, F(c)) for each gene. 

Before starting the genetic algorithm, an initial population has to be generated, 
usually performed by cloning a given individual. We used different populations 
derived from the three-stage stochastic process used for the Monte Carlo Analy- 
sis. The initial population therefore bases on a stochastic variation of a local opti- 
mum land use and fertilizer pattern parameterized by the probability p y 

Based on the GALib library, the global optimization problem is solved. For 
each generation, the algorithm creates an entirely new population of individuals 
by selecting from the previous population, then mating to produce the new off- 
spring for the new population. Each new individual of the population requires a 
run of the entire spatially explicit simulation model. The “survival-of-fittest” 
strategy is implemented by evaluating the goal function (1). This process contin- 
ues until the stopping criteria are met (determined by the terminator). 

Figure 12.8 summarizes the methodological concept by a flowchart. There are 
two main branches, which are used. Branch 1 starts with the estimation of char- 
acteristic function maps, which are the basis for local optimization. Branch 2 
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Figure 12.8. Framework for the estimation of the spatial optimum concept for optimiza- 
tion of land use patterns and related control variables for Tasks 1 and 2. 
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shows how to work on the optimization problem without any knowledge of an ap- 
propriate initial guess of the solution. 



12.6 Results 

12.6.1 Local Optimization 

We start the analysis of the results with branch 1 in the flowchart of Figure 12.8. 
Homogeneous control variables for each possible land use type and a certain fer- 
tilizer amount are set up: c(z.) = c 0 eL, F(z ) = F for all z e K . Running simula- 
tion runs within the Spatial Modeling Environment (SME) for all possible combi- 
nations in the step “grid search,” we derive maps A(z), B(z), and C(z), which are 
used to estimate the local optimum solution. The estimation of local optimum 
land use maps does not require much computational effort, it sorts through all 
possible combinations in the maps A(z), B(z), and C(z). This easily allows param- 
eter studies for the weighting parameter \. Due to the minimal computation ef- 
fort, these steps are embedded in the geographic information system (GIS) Front 
End Arc View to offer simple result visualization. Figure 12.9 shows a screen 



ArcView GIS Version 3.1 



^□1*1 



Eile Edit View Iheme Analysis Surface Graphics SME Window Help 

iidd m □□□ dob reiioi 






Scale 1:f~ 



*J 



Layouts 



Open 



Database 
Scenario | huntingcreek 

Run [o - 



Scripts 



dl 




Maps to generate 
I - Fertlizer Map 
17 Habitat Map 






BBiiHII'HHil ' -I 







[Database - 

Scenario | huntingcreek 
Run [o 



HabmapQ 

I | Water & Wetland 
Forest 
Resident 
Urban 
Com 
| Wfreaf 
Soybean 
I I Fallow 
| Wo Data 




IIS qnuplot graph 




Btl-TEJ 












































































































Bl. 







Figure 12.9. Screen shot of ArcView front end with the local optimization project. 
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copy of the ArcView display with a parameter study of the land use distribution 
in the Hunting Creek Watershed. 



12.6.2 Monte Carlo Simulations 

An analysis of these results can be performed by a Monte Carlo simulation. Fig- 
ure 12.8 shows Monte Carlo simulations in two boxes in the mid-column: 

• Monte Carlo simulation “from scratch” corresponds to the first box of branch 
2; compare the first item in Section 12.5.2. It performs an analysis of the vari- 
ability of the entire process and sets up an initial population for the genetic 
programming algorithm. 

• The step after local optimization, which corresponds to the reallocation p = 1 or 
the disturbance of an optimum solution p ] < 1, item 2 and 3 of Section 12.5.3. 

Figure 12.10 summarizes the results of a couple of different Monte Carlo runs. 

We used a smaller subwatershed for these analyses. This allowed us to generate 
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Figure 12.10. Resulting distributions of goal function values (left column) and total harvest 
biomass (right column) in Monte Carlo simulations for different stochastic processes (rows). 
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more realizations. The first column in Figure 12.10 shows histograms of the 
global goal function results according to Eq. (2). The goal function values are 
normalized by the goal function value derived by the local optimization. Values 
below unity denote simulation runs where the global goal function returns values 
below the local optimization. Values above unity denote that the local solution 
was improved. The second column shows the histogram of the yield in the study 
area in US $/m 2 for comparison. 

Row one of Figure 12.10 can be identified as Monte Carlo simulation from 
scratch: The distribution of land use types /(c) as well as the land use type and the 
fertilizer amount for each grid cell are generated at random. In the second row, 
we derived /(c) from the local optimization distribution. Rows three and four in 
Figure 12.10 disturb the locally optimal land use pattern with the probability p = 
0.1 and p = 0.01, respectively. Obviously, a stochastic generation of land use 
patterns hardly identifies a map, which is optimum in terms of the performance 
criterion. From the last two rows of Figure 12. 10, one can derive that an increase 
in the probability /; immediately leads to solutions which are further away from 
the local solution. The local optimization approach seems to be very close to the 
global optimum. However, there are land use patterns which are “better” in terms 
of the global optimization. Are these land use patterns the ones that take into ac- 
count neighborhood relationships of the control variables? 

12. 6.3 Statistical Analysis 

What are the driving parameters for the optimum solutions? The question can be 
answered by a simple bivariate correlation analysis based on the resulting land use 
and fertilizer maps and the spatial input data of the model. Table 12.1 summarizes 
the results of four correlation analysis studies of the optimum solutions with the set 
of weights X = 0.0, 0.1, 0.2, and 1.0. However, the sample size is high (1690) and 
we used a nonparametric correlation according to Spearman-Rho (Davis, 1984) 
because a Normal distribution of the resulting parameters cannot be assumed. 
Input data maps are the soil map and the elevation map. Parameters of the soil map 
are porosity (meters of pore space per meters of sediment), infiltration rate (meters 
per day), field capacity (meters of pore space per meters of sediment), percolation 
rate (meters per day), and horizontal hydrologic conductivity (per day). From the 
elevation map, the aspects and slope are derived using GIS functions. 

One general result is that the fertilizer application always correlates with the 
habitat type: Each crop gets its specific optimum amount of fertilizer. 

Setting X = 0.0 neglects any ecological issues of agricultural production and 
fertilization. The optimum solution is a land use map with the most valuable crop 
and a high fertilizer amount. The correlation analysis shows that almost none of 
the important parameters for nutrient transport in soil are responsible for the land 
use map. 

The X value shows significant correlation with the parameters of the soil map. 
For X = 1.0, c(z) and F(z.) show significant correlation with all parameters of the 
soil map. Weak correlations are also identified to the parameters of the elevation 
map, especially to aspect and slope. This shows that spatial relationships (to 




Table 12.1. Correlation analysis of local optimization solution to underlying spatial data. 

Porosity Infiltration Field Percolation Hydrologic Elevation Aspect Slope 

rate capacity rate condictivity 
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neighborhood cells) find their interpretation in the locally optimum solution from 
the spatially explicit model. 

Note that due to the large sample size, a small sample set is sufficient for a sig- 
nificant correlation. In general, all correlation values are low. However, statistical 
analysis gave a validation of the derived results. 

12.6.4 Genetic Algorithms 

The only way to answer the question about the importance of neighborhood rela- 
tionships in the control variable maps is to set up an optimization procedure that 
can use Eq. (2) for assessment. As we have seen from the results of the Monte 
Carlo simulation, the application of the GA based on an initial population from 
scratch will fail because the variability of a population from scratch is much too 
broad. The GA needs too many iterations to converge to the solution we derived 
by the local optimization approach (compare to Fig. 12.8, upper right). 

We used a smaller subwatershed of the Hunting Creek for a detailed study of 
this behavior. Figure 12.11 displays the convergence process of a GA run from 
scratch and the GA run from local optimum (smaller graph). Note that it took 300 
generations (4500 simulation runs) to achieve 80% of the goal function value. For 
this reason, the local optimum solution is used for the generation of the initial 
population [see Fig. 12.8 (lower part, mid-column)]. 

Configuring parameters of GAs is more an art than a science (Wall, 1996). 
From the former results, we can generate certain rules for the parameterization: A 



(a) no prev. knowledge 




Figure 12.11. Development of global performance criteria values during the Genetic 
Programming process: (a) The GA process “from scratch”; (b) the GA process started 
from a local optimum solution with a stochastically “disturbed" of “mutated” population. 
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too broad variety in the initial population takes us away from the optimum. We 
set p = 0.01 for the stochastic generation of the initial population. This has to be 
assured within each step when generating a new population: The mutation proba- 
bility should be much smaller than p v and the crossover population should be 
equal to zero. To enable modifications in the population, we set the migration 
probability to a high value (0.9). The graph in Figure 12.1 lb shows the results of 
the GA run started from the local optimum solution. The GA process clearly sep- 
arates from the initial population and improves the optimum solution by 2%. 

What are the changes compared to the local optimum solution? We compiled 
two maps to show the differences in each grid cell based on the best generation of 
GA set up by 15 individuals. Figure 12.12 shows the results. The map in Figure 
12.12a shows the average fertilizer difference. The map in Figure 12.12b presents 
the modified land use cells. Only a small number of cells are changed: 43 out of 
513 cells (8%). The distribution of land use types stayed the same. The global op- 
timization by GA performed a reallocation of habitats. We expected a couple of 
solutions, which can improve the local solution. A complex problem like this 
might have multiple solutions. This would have led to various realizations (of 
habitat and fertilization maps), which change different cells compared to the ini- 
tial solution from the local optimization. However, the map in Figure 12.12b 
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Figure 12.12. Analysis of GA results. The maps show the difference from 1 generation 
(15 individuals) of the GA to the local optimum maps for the subwatershed: (a) fertilizer 
amounts; (b) count of how many individuals of the population have a different land use 
type than the local optimum solution. The small map in the center displays the extent and 
location of the subwatershed within the Hunting Creek watershed. 
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shows that nearly all of the individuals in the best generation modified the same 
grid cells. Most of the modified cells belong to the class in which more than 13 
out of 16 individuals changed in the cell in the same way. 

An explanation as to why these are the crucial cells is hard to derive by statistical 
approaches; however, that would allow further improvement of spatial optimiza- 
tion. Due to a broad spectrum of input data/maps and due to a very complex net- 
work of dynamic and spatial process in the simulation model, no significant corre- 
lation can be identified. Using principle-components analysis, we were not able to 
reduce the state space for analysis. One possible approach is to perform a bivariate 
correlation of c(z n ) and F(z 0 ), to the neighborhood cells [northeast, north, . . . , 
southwest c(z 0 )]. Two issues make us expect illusory correlations. First, analysis of 
the entire region, using every grid cell (and its neighbors) as a repetition, gives only 
a general answer, which is mainly driven by the global aspect of the global slope of 
the catchment. Second, the spatial hydrologic algorithms assumed use linkages be- 
tween cells, which are not direct neighbors (Voinov et ah, 1999b). 



12.7 Discussion 



We have described A. earlier as the crucial parameter to assess nutrient outflow 
both from the watershed as a whole and for an individual cell. Therefore, we 
started with some sensitivity analysis to this parameter. Several optimum land use 
and fertilizer patterns were calculated depending on different values of X. Figure 
12.13 shows the results in an aggregated way. With the X value on the x axis, Fig- 
ure 12.13A displays the number of cells allocated for different crops, fallow, and 
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Figure 12.13. Dynamics of land use allocations and fertilizer applications in the optimal 
solution as a function of the environmental weighing factor X. 
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forest. Figure 12.13B shows the number of cells with agricultural use, and Figure 
12.13C integrates the total amount of fertilizer applied to a grid cell. 

If there are no concerns about the environmental conditions, A. = 0, the optimal 
strategy for the region is to use it entirely to grow soybeans and corn. Compara- 
tively high market prices for soy and relatively low fertilizer demands make it the 
most valuable crop. Increasing A results in a decrease in the number of agricul- 
tural cells in the optimal solution. The forest appears and then further expands as 
A grows. The total fertilizer amounts are rapidly reduced due to a more “punish- 
ing’' nutrient outflow that comes from the increasing A value. Gradually, corn and 
wheat displace soybeans. This is something yet to be explored because it is not di- 
rectly obvious why the more profitable and less-fertilizer-demanding crop gets 
phased out by the less profitable and more polluting ones. One possible explana- 
tion is in the timing of the growth seasons for each of the crops. Currently, soy- 
beans are assumed to be planted in July and their growth season and fertilizer ap- 
plication days are at a time when there is no active growth of trees that can 
potentially intercept the nutrient runoff. This can potentially give a certain advan- 
tage to corn, with a growth season coinciding with that of forests. 

The resulting spatial patterns are presented in Figure 12.14. Optimum land use 
patterns now show that as A grows, forested cells appear and then expand primar- 




Figure 12.14. Spatial representation of the optimization results. Note that as the impor- 
tance of the environmental factors increases (A positive), the forests appear in the riparian 
zones and then start to further expand. 
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ily around creeks and wetlands. A further increase in A. results in a more hetero- 
geneous land cover. Soil moisture and nutrient content are not the only driving 
force for land use of forest or fallow. The optimum solution is a result of all the 
complex interactions between the different processes in the model. That is why it 
may sometimes be quite hard to interpret and explain the resulting allocations. 

The presented results are certainly quite limited for two main reasons. First, the 
goal function considered includes only the benefits of agriculture when estimat- 
ing the value of a land use pattern. The benefits of other land uses, such as forest 
or residential, are neglected. The allocation of residential cells was entirely fixed, 
whereas the forest value appeared only in the nutrient-absorption capacity that re- 
duced the amounts of nutrients delivered to the estuary. In reality, there are cer- 
tainly other values associated with forests, both market and nonmarket ones. Sec- 
ond, there is little chance that the optimal patterns generated can be implemented 
on already developed landscapes. Rarely will we be able to restructure a whole 
landscape with reforestation and complete reallocation of certain agricultural 
sites to achieve these optimal patterns. In addition, we did not consider all of the 
operational costs associated with agricultural production, including prices of 
seeds, labor, energy, irrigation, and so forth. This should not be too hard to do, 
but yet it has to be done. There are definitely many other uncertainties that should 
be also studied and evaluated. For example, how do climatic variations affect the 
optimal land allocations? How much does the timing of various crops matter? 

Nevertheless, the results have a certain qualitative, conceptual value. It was 
quite remarkable to see how the pattern of forests emerged as soon as we have in- 
troduced the environmental factors into the goal function (X > 0). This pattern 
was in perfect agreement with the widely discussed concept of riparian buffers 
and their role in nutrient entrapment. As soon as the value of a cleaner environ- 
ment becomes a concern, the riparian zones tend to become forested. The size of 
the buffer then gradually grows as these concerns become more pronounced (X 
increases). 

Most important was to test the feasibility of the spatial optimizations in the 
context of fairly complex process-based simulation models. Indeed, a spatial sim- 
ulation model by itself is complex and its analysis is quite restricted. It really be- 
comes crucial to design some simplified techniques if we are to attempt optimiza- 
tion at all. By generating the series of local response maps and then optimizing 
over the set of these maps, we have significantly decreased the amount of compu- 
tations needed. It is most likely that the results of this localized optimization are 
different from the global solution to the problem. However, the tests that we have 
performed using the Monte Carlo analysis indicated that we should be some- 
where in the vicinity of the solution. Further application of genetic algorithms for 
global optimization (Seppelt and Voinov, 2002) only proved that the local opti- 
mization method indeed gives a good estimate for the global optimum. Certainly, 
we should apply this conclusion with caution, because for other areas or other 
models, this result may be quite different. For the Hunting Creek watershed, it 
was probably important that the area did not have significant elevation gradients, 
which restricted the amount of lateral interactions and increased the importance 
of local vertical processes. We may expect that the horizontal fluxes and interac- 
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tions between cells could play a more important role for steeper slopes, making 
local optimizations less representative of the overall spatial dynamics. 
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